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Abstract

Using large language models (LLMs) to simulate human ratings is a popular
topic of study because human ratings are expensive and difficult to collect,
but it is important to obtain a measurement of performance for consumer-
facing dialog systems such as Alexa or Siri before releasing that system to
the public. Objective measurements such as ensuring the system generates
understandable text may not be enough as a measurement of performance,
but these are metrics that can be, to some extent, automatically calculated.
Subjective measures such as user satisfaction are just as important, if not more,
because user satisfaction often drives user retention for these products. User
satisfaction is derived from the system both satisfying the user’s needs and
adjusting to the user’s preferences, and can vary greatly from user to user.
Subjective measures often require human ratings, thus, LLMs are starting to
be used as a proxy. The goal is to align these LLMs with humans such that
the ratings are comparable to human ratings. Developers can then use these
LLMs to both evaluate more accurately and develop better systems.

Through this work, we first explore the efficacy of using LLMs to rate di-
alogs, where we find that LLMs have the potential to rate more subjective
measures such as interestingness. Next, we explore prompting as a way to
achieve higher human and LLM rating agreement, and find that contextualiz-
ing prompts is important. We then further study user attitude injection into
prompting with personalized evaluation through simulation to determine how
much that may affect ratings. Lastly, we collect a dataset for personalized
evaluation for further understanding of how LLMs can simulate human ratings
such that they can be deployed to evaluate real systems.
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Chapter 1

Introduction

With the proliferation of many consumer-focused systems that can book travel, chat. assist
with other customer service tasks, or be a general purpose system like ChatGPT E], it is
more important than ever to understand how users interact with these systems. Free-form
chat has become a natural form of communication with these products, as opposed to some
phone agents which only offer multiple choice options for structured conversations. Suc-
cessful systems include ELIZA in the 1960s [186] (where keywords and rule-based methods
governed ELIZA’s responses), pre-LLM chatbots [2, 211] (templates or other restrictions
on conversation), and now Microsoft CoPilot B (where users can use natural language to
interact with language models that can connect to and modify information in Microsoft
apps).

However, chatting using natural language presents additional issues for a system as
compared to interaction with a pre-defined pattern. These issues can vary in importance
depending on the type of system and the goal of the user. Goals can consist of enter-
tainment [16] with open-domain chit-chat bots, conversational recommendations [79] with
conversational recommender systems, and information-seeking [16, 66] with task-oriented
chatbots. Many older systems rely on a pipeline architecture that has separate modules
for natural language understanding, dialog management, and natural language generation
[27, 127]. The systems must understand the intent of the user through the intent clas-
sification task and extract the important information from the conversation through the
slot-filling task using datasets such as ATIS [66] and then execute a set of steps to com-
plete the user’s request. These tasks can be evaluated through objective measures such
as F1, accuracy, and task completion. Older systems used pre-written templates for text
generation [127], which heavily restricted the diversity of system outputs. The evaluation
of these systems can be broken down into individual components, with system parts being
interchangeable and able to be developed separately.

The introduction of language models, especially large language models (LLMs) with
enhanced capabilities, has changed the dialog space. Instead of pipeline systems, work has
moved toward end-to-end neural systems for task-oriented conversations with GPT-2 [63],

Thttps://chatgpt.com/
2https://blogs.microsoft.com/blog/2023/03/16/introducing-microsoft-365-copilot-you
r-copilot-for-work/


https://chatgpt.com/
https://blogs.microsoft.com/blog/2023/03/16/introducing-microsoft-365-copilot-your-copilot-for-work/
https://blogs.microsoft.com/blog/2023/03/16/introducing-microsoft-365-copilot-your-copilot-for-work/

or more recently, general purpose chat models like ChatGPT and GPT-4 [129]. The gen-
eral purpose chat models have increasingly higher performance on language and reasoning
benchmarks like HellaSwag [195], but bring additional issues such as hallucination during
generation. With these end-to-end systems, evaluation has moved from objective measures
of system components to focusing on subjective measures of the overall system genera-
tion. Measures of interestingness or relevance [120] are now possible with generations from
LLMs.

These systems (both pipeline and end-to-end) can also be personalized for improved
user satisfaction [95] which would lead to higher user retention in these products [14]. We
define personalization in this thesis as referring to a system using explicit information given
by a user or implicit information taken from conversation history to modify its generation.
Similar definitions of personalization have been used in marketing for customers [138]. A
further specification is commercial personalization, defined in Fan and Poold as varying the
content for individuals, and segmentation, defined in Fan and Poold as focusing on specific
parts of the population. This personal experience has been shown to be a desire from users
of chatbots [15]. Most recently, ChatGPT introduced a new feature called “Memory” i
where users can customize information that ChatGPT can use to tailor responses. Previous
work has also suggested using natural language user profiles in recommendation systems
[143]. However, these systems have been evaluated without additional knowledge of who the
users are - Bowden and Walker evaluates system personalization with real user interactions
and ratings, but these users are completely anonymous. Therefore, although insights from
system personalization are useful for improving user experience overall, it is often unknown
how system personalization affects individual users’ experiences.

Users provide a large amount of information that can be used during personalization;
various algorithms may take advantage of different pieces of that information [67]. How-
ever, testing these algorithms would require obtaining real user ratings for user satisfaction
as a proxy for user retention, and it would be extremely expensive and time-consuming to
collect user satisfaction ratings for every algorithm to determine the best-performing one.
Also, not every user may want to rate their interaction with a system [171]. Therefore,
because of the increasing capabilities of LLMs, there has been a growing interest in using
LLMs to not only generate text, but to also rate text in place of human annotators (LLM-
as-a-judge [207] or autoraters). Using LLMs to rate is less expensive and quicker [30], but
it is important that the autoraters align with human raters to provide a user accurate
assessment of the system. Additional model biases [207] may affect this alignment. Typi-
cally, the performance of an autorater is determined by the correlation with a small set of
existing human ratings. High correlation suggests better ability of the autorater to mimic
human ratings. A well-performing autorater would allow for developers to have an idea of
system performance and quickly iterate on their systems before consumer deployment.

A natural next question given the user of LLMs for both system personalization and
rating is if it is possible to use LLMs to simulate ratings based on individual users - au-
tomatic personalized evaluation. Personalization of a system and personalized evaluation,
which refers to using humans to rate similarly to individual users, have different goals,

Shttps://help.openai.com/en/articles/8590148-memory-faq
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which will be discussed in Section . Challenges for personalized evaluation include
the aforementioned difficulty of collecting real user ratings, and also the extent to which
segmentation is performed. To explore automatic personalized evaluation, we explore three
main areas: the soundness of using autoraters as a proxy for human judgment, automatic
personalized evaluation in a simulated setting, and personalization and automatic person-
alized evaluation in real world systems.

Chapter B discusses the efficacy of using autoraters as proxies for human judgments.
First, we will compare the performance of various autoraters for open-domain dialog eval-
uation in section B.2. Next, we study how prompt variation affects human-autorater align-
ment in the automatic essay scoring and instruction following domains in section %
Chapter @ studies automatic personalized evaluation in a simulated setting. Section
creates simulated conversations with injected user attitudes and quantitatively analyzes
the differences using user attitude during autorating. Lastly, Chapter p focuses on person-
alized and automatic personalized evaluation in real world systems.

Through developing an evaluation framework for studying automatic personalized eval-
uation, collecting a dataset, and performing subsequent quantitative analysis, we see that
automatic personalized evaluation mostly provides ratings significantly more
similar to user ratings for system performance as compared to personalized
evaluation or evaluation without context, in real world dialog systems, dependent on
the task and contextual user information.






Chapter 2

Background and Related Work

2.1 Autoraters

2.1.1 What are they?

Through this work we define autoraters (or LLM-as-a-judge [207]) as LLMs that take
natural language prompts as input along with a system output, and rate the system output
based on some criteria. Researchers use autoraters to compare outputs from systems A and
B, allowing them to determine which output should be selected, and, by extension, which
system should be used. The ratings can be in the integer numerical form (ex. between 1
and 5), preference form (ex. output A < output B), and can include additional reasoning
about the response. Additionally, autoraters provide the log-probabilities of the potential
generated tokens, which makes it possible to take a weighted sum of the log probabilities
with the ratings [74] to obtain a more accurate measure of what the autorater believes the
rating to be. Other work has looked at using a suite of autoraters to obtain a final judgment
[175]. We distinguish autoraters from models that return a rating without natural language
prompting - for example through training data such as COMET [145].

2.1.2 How do you measure autorater performance?

Autorater performance is typically measured as correlation with human numerical ratings
or similarity with human rationale for answer choices. For numerical ratings, we use corre-
lation metrics such as Pearson’s correlation (ex. [50]) or Spearman’s coefficient (ex. [120]).
These metrics provide a direct comparison between the ratings from the autorater and the
humans. There are several reasons why different correlation or agreement metrics may be
picked in the numerical case. Pearson correlation is for determining a linear relationship
between two groups - which is useful if the autorater ratings have a simple linear relation-
ship with human ratings. However, this is often not the case. Therefore, Kendall’s Tau [8§]
may be a suitable alternative because it calculates ratios using the concordant, discordant,
and tied pairs of data points - which results in calculating preference agreement between
humans and autoraters. This may be useful when the relationship between the autorater
and human ratings is unclear.



Humans and autoraters can also align in the rationale (explanations) that they provide
for certain ratings. This is important because if humans and autoraters use the same
explanations for the same ratings, we would trust the autorater performance more than if
they did not use the same explanations for the same ratings. Fayyaz et al] found that GPT-
4-Turbo had higher alignment than other LLMs when computing F'1 score over human and
autorater explanations. Other works study the possibility that the rationale provided by
the autorater is not what the autorater uses to obtain answers (faithfulness) [[10, 111},
which may be a problem. Chain-of-thought [185] is also often used as a tool to improve
human and autorater alignment on tasks such as arithmetic and commonsense reasoning.
It is important to ensure that alignment with numerical ratings and rationale is achieved
to truly trust autoraters as a proxy for human judgment.

2.1.3 What makes a “good” autorater?

An autorater should be both consistent and aligned with humans. Consistency consists of
several parts: robustness to output variation [[194], prompt sensitivity [194], and process
consistency [19]. Robustness to output variation refers to how the ratings of an autorater
changes based on small variations to the system output that is being evaluated (which
could include typos [194]). Prompt sensitivity refers to how the ratings of an autorater
changes based on small variations to the instructions given to the autorater (including
synonyms and typos [194]). Lastly, Bubeck et al| discusses how GPT-4 excels at being
output-consistent (generating plausible explanations given the input, output, and context),
but falls short in being process-consistent (given different inputs and contexts, the output
should be consistent with the output given by following the logic of the model explanation).
They note that the task should both be easily explainable and be able to be simulated
properly, while the explanation should make sense such that process-consistency can be
achieved. With consistency and alignment, we would be able to confidently use autoraters
in deployment settings.

2.1.4 Issues with Autoraters

Including the consistency and faithfulness issues mentioned, there are unsolved autorater
bias issues including egocentric bias [207], lost-in-the-middle context forgetting [105], posi-
tion bias [[107, 181], selection bias [206], and verbosity bias [207], which affect the autorater
judgment based on prompt style and output style preferences.

Egocentric bias (or self-enhancement bias) is defined in [207] as “the effect that LLM
judges may favor the answers generated by themselves”. By not correcting for egocentric
bias, some outputs being judged may have inflated scores. Typically, this is solved by using
a model that was not used to generate any system outputs that are being evaluated. This
issue can also be extended to models in the same family.

Position bias refers to the effect that the order of system outputs presented for com-
parison affects the decision an autorater makes [107, 181]. Selection bias studies this affect
with multiple choice questions and the order of options presented [206]. Lastly, context
forgetting refers to information that is in the middle of the prompt may be lost, which



could cause an autorater to place more emphasis on evaluation criteria that were noted at
the beginning or end of a prompt. This has been studied and shown in relation to giving
models long contexts in multi-document question answering [105].

Works using autoraters should be aware of and ensure that the task setup does not
incorporate these biases before real world deployment.

2.1.5 But why should we use them?

With the plethora of considerations and issues that arise when using autoraters, there are
still a multitude of reasons why autoraters should be used. Autoraters are scalable, cost-
effective compared to human annotations, and if configured properly to reduce bias and
increase consistency, can be a strong indicator of whether a system performs up to some
standard before being released for human use.

2.2 Dialog

2.2.1 Interaction and Evaluation

The main difference between dialog and other tasks is the concept of “interaction”. Inter-
action means that user goals and satisfaction can shift within a conversation, and that the
conversational context affects the current conversational turn. This leads to evaluation
of both a system’s output turn-by-turn, as well as the system’s performance overall [[120].
Additionally, the evaluation of any system output is not straightforward - any conversa-
tional context can have multiple “correct” responses, which is the one-to-many problem.
Therefore, it is important to incorporate the aspect of interaction when studying dialog
evaluation.

Dialog evaluation can be done both with humans and models. Human evaluation has
been done in both the first, second, and third-party setting with debates and emotion
annotations, and Park et al. showed some significant differences between the first and
second party ratings. Sentiment annotations between first-party and third-party ratings
also show differences [91]. Model evaluation has consisted of analyzing a model’s next

response to the dialog [120] to using autoraters [[74].

2.2.2 User Models

Within interaction, it is also important to understand user models. Each user interact-
ing with the system may have a different internal and external model of themselves and
the world, which affects the conversation they have with the system and perhaps their
evaluation of the system. These models can either be interpretable or not.

An interpretable user model is defined as “explicit assumptions on all aspects of the user
that may be relevant for the dialog behavior of the system”, and can consist of “general
knowledge, belief about individual facts, and goals” [178]. These can be represented by
enumerable relationships or criteria [178] or through query and document weights [159].
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The benefit of these approaches is that a system can pre-determine what information it
will receive about the user and plan generation accordingly, and this user model will be
standardized across users and visible to external system developers. In practice, explicit
user modeling and the use of user models to adapt systems is useful [77]. Some works have
used stereotyping as a way to begin user modeling [146, 161]. Additional adaptation to
individual users improves performance over stereotyping users due to the potential non-
homogeneous_behavior or incorrect stereotyping [77]. Uninterpretable models learn user
embeddings [103]. However, implicit models have added flexibility, as the model does not
need to know_what kinds of explicit information it needs to obtain from the user. As
referenced in [l|, we will be focusing on explicit user modeling.

However, user modeling has some important considerations - awareness of the user to
the user modeling, inaccurate representations, and misuse and the legality of using and
keeping user information [90]. Throughout this thesis, we choose to use interpretable user
models to determine trends among users with similar user models and understand how
that affects their system evaluation.

2.3 Personalization

Personalization can have multiple definitions. One definition of personalization may be
applied in the RLHF setting, where feedback from the users can be used to train the model
to have better performance [130]. Different parts of a dialog system can be personalized as
well - the data that a system is trained on (ex. a user’ s data can be used to fine-tune a
generic model for personalized performance), or the algorithm (ex. a sub-criteria could be
weighted different for two users when calculating a final score for system performance). We
will define personalization as the user data that affects model output, keeping algorithms
the same, and focus on user segmentation as mentioned in Chapter B.

Some works have studied how far personalization can improve performance with ob-
jective metrics. [Teevan et al) studies the “potential for personalization”, in which they
re-rank search results based on a joint discounted cumulative gain to determine what the
best performance of a non-personalized system could be over a group of users, and calculate
the difference between that performance and the performance of personalized rankings for
each user. Knowing that personalization has the potential to improve performance, per-
sonalized evaluation seeks a similar goal - understanding how personalized metrics can
improve metric accuracy over a metric used over all users.

2.3.1 Conversation between Personalization and Personalized Eval-
uation

Personalization and personalized evaluation are two inter-related but different aspects. In
prior sections, we discussed personalization within systems, and how user modeling has
been used heavily to create this personalization. Due to human interaction relying heavily
on context and user modeling, evaluation should also be personalized. [9] introduces the
concept of personalized metrics, which edit online metrics based on a long period of online



individual user history. This work focuses on offline user information - personalized evalu-
ation is the act of accounting for contextual information about the user during evaluation.
Personalized evaluation can be applied to both generic and personalized systems. The
difference between personalized systems and personalized evaluation is that personalized
systems are often holistically scored - raters provide scores for system interactions, and
the scores are analyzed holistically for an assessment of system performance. Personalized
evaluation takes into account who the rater that is providing scores for the system inter-
actions is - this could be individual information, or group belonging information. This is
grounded in the context of autorating, where information about a user is injected into the
prompt.

We can imagine a scenario of a generic chatbot with two users - an expert on machine
learning who enjoys concise answers to their questions, and a novice on machine learning
who enjoys verbose answers to their questions. These users rate the chatbot for conciseness
and fluency. In the case of generic evaluation, a developer may take these user ratings at
surface level, and create an autorater that has moderate correlation with the human ratings
as a whole. However, with personalized evaluation, a developer can inject the preferences
of the expert or novice into the autorater, which would create higher correlation with the
human ratings - it is hypothesized that intra-group variance of ratings for a metric is lower
than inter-group variance, where the groups are based on the preferences of the users for
specific stylistic traits.
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Chapter 3

How should we use autoraters?

3.1 Introduction

In Chapter E, we discussed autoraters, and noted that one important condition to using
autoraters as a proxy for human judgment is to ensure numerical alignment between hu-
mans and autoraters. There are a plethora of LLMs of different sizes with different use
cases that can be used as autoraters, including BLOOM [18§] - a large multilingual model,
ChatGPT - a consumer-facing multi-purpose agent, and GPT-40 ¥ - a multi-modal large
model. The wording, examples, and the task being evaluated can all affect the prompting
of these LLMs as well. Therefore, it is important to experiment which LLMs along with
what kinds of prompts are suitable to achieve high numerical agreement for the task in
question.

In this chapter, we explore the efficacy of using autoraters for dialog evaluation and
other tasks. First, we find that even before the proliferation of ChatGPT, InstructGPT
[130] could perform dialog evaluation tasks. However, larger models do not always mean
better performance on dialog evaluation - rather the training data and examples given
drive better performance. Next, we explore how prompting can further affect autorating
performance for automatic essay scoring and instruction following. The evaluation criteria,
examples, and complexity of the evaluation all factor in to autorater performance. We
conclude by stating in order to start using autoraters in production settings, we must
carefully construct prompts such that autoraters and humans both align in their evaluation
criteria and have high correlation in ratings.

'https://platform.openai.com/docs/models/gpt—40
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3.2 Understanding the Effectiveness of Very Large Lan-
guage Models on Dialog Evaluation

3.2.1 Introduction

In recent years, language models such as GPT-3 [18] have grown larger, and their perfor-
mance on downstream natural language processing (NLP) tasks has significantly improved
in low-resource settings where only a few instances per task are available (few-shot). The
larger these models are, the higher their performances trend on tasks such as language
generation and evaluation [184]. They can generate coherent, fluent and interesting re-
sponses. However, they can also produce responses that are repetitive and un-engaging
[151], in addition to being hard to control. Dialog evaluation is the task of assessing the
quality of responses generated by dialog models in terms of properties like those mentioned
above. However, one significant impediment for open-domain dialog generation research
is the lack of meaningful automatic metrics for open-domain dialog evaluation. Standard
language generation metrics have been shown to be ineffective for dialog evaluation [59],
a large part of which is because conversations can be followed by multiple valid responses.
Standard automatic metrics (e.g. BLEU [133]), which use references for evaluation, can-
not deal with this quality, known as the one-to-many response problem. Many recently
introduced automatic metrics for dialog evaluation [60, 120] have attained increasingly
stronger correlations with human judgment. Since human dialog evaluation typically mea-
sures multiple fine-grained properties (e.g. appropriate, interesting, consistent), automatic
evaluation metrics should be expected to do the same. This paper explores several fine-
grained metrics that are measured both at turn-level (i.e. relevance and fluency), and
dialog-level (i.e. consistency and coherence).

Automatic dialog evaluation continues to be an evolving topic, but with fine-grained
metrics and definitions varying across different human-annotated datasets [121, 204], it
is important to be able to create reasonable automatic metrics with limited data. Large
language models (LLMs) that have been pre-trained on large-scale datasets are able to
perform zero and few-shot inference [142, [155], and they have exhibited good reasoning
skills [[18, 184] in addition to having implicitly learned some notion of dialog quality [120].
This makes them suitable for open-domain dialog evaluation in zero-shot and extreme few-
shot settings. While there have been a few attempts to use LLMs for dialog evaluation [170],
there has not, to our knowledge, been a systematic study of LLMs for this task. This
paper explores several aspects of LLM use in dialog evaluation: the effect of model type
and size and the choice of training data as well as the use of in-context examples for dialog
evaluation (the number and quality of the examples used). The experiments herein employ
benchmarks to test both how well LLMs can be used for fine-grained evaluation, and how
generalizable the models’ performance is across multiple domains and datasets.
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3.2.2 Related Work
LLMs

Several LLMs have been released recently: T5 [144], GPT-3 [18], BLOOM [188], OPT
199], and TNLGv2 [163]. The following models, the sizes of which are shown in Figure
, are explored here:

* T5, trained on the 750B Colossal Clean Crawled Corpus (C4) contains heuristically
cleaned natural language English text from the web. Specific models considered are:
* Flan-T5 [34], T5 fine-tuned on 1836 tasks, including dialog tasks and data.
* InstructDial [61], T5 fine-tuned specifically on 48 dialog tasks.

* GPT-3 includes a 570B filtered CommonCrawl corpus [144] in addition to WebText
[142], Booksl, Books2, and Wikipedia [87].

* InstructGPT (text-davinci-002) [130], GPT-3 fine-tuned with a prompting
dataset and 175B parameters.

* BLOOM was trained on 46 languages and 13 programming languages with a multi-
lingual focus.

* OPT contains data from the RoOBERTa corpus [106], the Pile [53], and PushShift.io
Reddit [11, 151).
* TNLGv2 is trained on a subset of the Pile (notably excluding corpora classified as

having natural dialog), two CommonCrawl snapshots [144], RealNews [196], and
CC-Stories [173].
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Figure 3.1: Large Language Models, comparison of select approximate sizes
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Seen Dialog Fine-tuned

Flan-T5 v
InstructDial v
InstructGPT v
BLOOM v
v

X

OoPT
TNLGv2

X X X NSNS

Table 3.1: LLMs with the datasets they were trained on. During training or fine-tuning;:
“Seen Dialog” indicates that the model has explicitly seen dialog datasets and therefore
elements of casual language, and “fine-tuned” indicates that the model was fine-tuned on
dialog data. TNLGv2 has not seen datasets explicitly categorized as having dialog, but
elements of casual language may be included in the Common Crawl snapshots and other
internet-based corpora. Symbols: v'means that the category is included and x means that
the category is not included.

As the number of parameters in these models increases, performance also increases:
TNLGv2 530B, with around three times the number of parameters, outperforms the orig-
inal GPT-3 on a variety of NLP tasks [163]. LLMs are also generalizable; they perform
well on many NLP tasks in few-shot settings and zero-shot settings [155, 184]. However,
several drawbacks and areas for exploration remain for LLMs that should be noted. Recent
work has shown that performance on certain zero-shot tasks plateaus as model parameter
size grows exponentially [18]. LLMs also struggle with parsing social situations [156] and
correctly using context [3], which are important in dialog settings. This raises questions on
the performance of LLMs for dialog evaluation, and how an LLM’s performance changes
as it increases in size.

The data that a model is trained on also influences the performance of downstream
tasks. T5H is fine-tuned on various subtasks, but pre-trained with C4. When pre-trained
with domain-specific data, T5 performs better on tasks in that domain [12, 144]. Fur-
thermore, adding several domains of data during pre-training makes the model likely to
perform better [32, 106, 199]. Notably, BLOOM, OPT, Flan-T5, InstructGPT, and In-
structDial are partially trained or fine-tuned on dialog datasets. Table shows details on
the content of these datasets. This is important because natural dialog data is difficult to
obtain, so either scripted conversations or Reddit threads are used since they are the most
readily available. This dearth of data is the reason that few-shot prompting is of interest.
While work such as [184] acknowledges emergent abilities in larger language models in
few-shot prompting settings, this paper explores discrepancies in performance specifically
for dialog evaluation.

Dialog Evaluation

Dialog evaluation presents a unique combination of challenges; it must consider multiple
speakers [202], context that informs the current dialog turn, and the one-to-many aspect
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mentioned above [203].

Metrics such as USR [121] and FED [120] were created to address some of these chal-
lenges; they are reference-free, capture complex aspects of dialog, and have good correlation
with human evaluation. These metrics use models such as RoBERTa (125 million param-
eters) [106] and DialoGPT (345 or 762 million parameters) [201] respectively. However,
the best performing versions of these models are smaller than most models examined in
this paper, and are fine-tuned on dialog data or on a specific dialog task. Other automatic
evaluation metrics include GRADE [71] and DEB [154]. With current LLMs’ large increase
in hyperparameters, their plethora of training data, and their promising generalizable per-
formance on NLP tasks, these model-based metrics should improve as well.

Example selection for few-shot learning

The example selection process for prompting LLMs is of great interest. Prompting an
LLM with a task and a few examples enables the model to adapt to a new task without
completely fine-tuning it. In particular, in-context examples can provide important cues
to help LLMs make predictions on tasks. Recent work has used a variety of methods
to examine example selection. Common methods measure semantic similarity between
example embeddings [104, 165]. Alternatively, retrieval methods (e.g. BM25 [147]) have
been used directly, or as a precursor to training a selection retriever [152].

These example selection methods have shown promise in few-shot NLP tasks. In [[165],
the two-step framework for annotating and selecting in-context examples from large unla-
beled data showed competitive performance across 10 tasks such as classification, common-
sense reasoning, dialog state tracking, and code generation. [104] showed that selecting
examples with similar sentence embeddings yields higher GPT-3 performance than random
selection. However, the authors acknowledge that further investigation is required to find
more efficient in-context example retrieval methods.

Moreover, the wording and order of examples presented in prompts can also affect model
performance [b4, 81, 104]. Lu et al. [109] observed order sensitivity across 0.1B to 175B
parameter GPT-2 and GPT-3 models when the models were probed with different text
classification tasks and several in-context examples. Also, the wording of the in-context
examples depends on the data used for model training; for unfamiliar prompt formats,
model performance may decrease [81]. Increasing the size of the model and the amount of
data does not resolve the issue since the same instability is still prevalent [205]. Thus this
paper studies the effect of example selection on dialog evaluation.

3.2.3 Evaluation Settings

Two settings for dialog evaluation are explored: fine-grained evaluation and multi-domain
evaluation. In-context examples are explored in both.
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Fine-Grained Evaluation

Fine-grained metrics can be measured at both the turn level (e.g. informativeness and
relevance), and the dialog level (e.g. coherence and diversity). The FED dataset [120] is
used. It consists of 124 open-domain dialogs of humans with humans or with machines,
for which each dialog has 3 responses that are chosen for annotation (8 turn-level and
10 dialog-level qualities along with overall turn- and dialog-level quality). This dataset
was chosen due to the large number of previously studied fine-grained qualities as listed
in Section , with the exception of correctness and error recovery, which are only
specifically present in FED.

In the experiments, the LM is prompted to output a rating (an integer value - see
Appendix ) to evaluate each fine-grained quality in a response. The final rating for
each fine-grained quality is a weighted sum of the K-top ratings outputted from the LM.
Formally, given the K-top predicted ratings ri,rs,...,rx along with their corresponding
log probabilities, p1, ..., px, the weight, w;, of each rating r; is derived as:

Di

Wi ="k
Zj:l Dj

The final rating, r, is calculated as:

K
r = E Tk W;
=1

In order to provide a more accurate view of the LM’s performance, K = 3 in the
following experiments. Additionally, this scoring mechanism converts the LM predictions
onto a continuous scale, which more closely mirrors the average of human ratings. Results
are reported with the Spearman correlations to the average human ratings for each fine-
grained quality.

Multi-domain Evaluation

This task tests automatic dialog evaluation metrics for robustness across multiple dialog
domains. The analysis uses only the overall quality metric since many of the domain
datasets do not have fine-grained annotations. The Spearman correlation is used between
human ratings and model predictions on the evaluation sets released by DSTC 10 Track
5 [197] “Automatic Evaluation and Moderation of Open-domain Dialogue Systems”. These
sets contain human judgement ratings for dialog responses. In this setting, a model is
shown a dialog context and a response, and it outputs “yes” if the response is a good
response to that context, otherwise it outputs “no”. An example can be seen in Appendix
.1.2. The probability of the “goodness” of the response (i.e., the rating), g, is calculated
as:

Pmodel (?J@S)
g pr—y
Pmodel (yeS) + Pmodel (77,0)
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where proger(yes) and proger(no) are the log probilities of the model outputs for “yes”
and “no”. Evaluation is_carried out on 8 representative evaluation sets out of the 14
DSTC10 evaluation sets [197]. This subset was chosen because it covers multiple domains
and datasets, such as persona, topic and chitchat-based responses. A robust dialog metric
should perform well across all the domains and evaluation sets considered.

The evaluation sets used for fine-grained evaluation, FED-Turn (FT) and FED-Dial
(FD) [120], are included as two of the eight datasets. The other datasets include: TopicalChat-
USR (TU, knowledge-grounded open-domain conversations rated for six different dia-
log qualities) [121]; PersonaChat-USR (PU, persona-conditioned conversations annotated
with the USR schema) [121]; DailyDialog-Zhao (DZ, more formal language conversations
rated for appropriateness) [204]; DailyDialog-Gupta (DGU, rated for appropriateness) [59];
DailyDialog-GRADE (DGR; annotated for coherence) [71]; and Empathetic-GRADE (EG,
emotionally grounded conversations annotated for coherence) [71]. Although some of these
datasets are not directly annotated for whether a response is good, the metric they use re-
mains a component for overall quality, and thus it is treated as the indicator of the overall
quality of the response in the experiments.

In-Context Examples

This paper uses two methods for example selection: random selection, and algorithmic
selection using BM25 [[115] which calculates document similarity. The examples remain
consistent for each evaluation test point. The random selection experiment is run three
times, and the mean and standard deviation of the runs are reported. There are three con-
figurations for BM25 between the test point and each possible example point - comparing
the context only (BM25..), the response only (BM25;), and the concatenated context and
response together (BM25 ).

With the FED dataset, an additional method, manual selection, is added for example
selection. For each fine-grained dialog quality, a set of three dialogs which span a wide
range of ratings is chosen that remains constant over every test point. In theory, the model
should be able to show increased performance if it sees examples of very good, good and
bad responses for fine-grained metrics. For the DSTC10 datasets, an additional experiment
tested how the number of examples used affects model performance.

3.2.4 Experiments and Results

The in-context example experiments are carried out on the largest available model, 530B
TNLGvV2, to explore the ceiling of model performance on the dialog evaluation task. 6.7B
TNLGv2 is used for a direct comparison of how much performance gain is provided by
using more parameters.

BLOOM and OPT are examined up to 7B and 30B respectively for the fine-grained
metric evaluation task. B Smaller LLMs do not perform as well with in-context examples

2Due to limitations in compute power, larger BLOOM and OPT models were not explored. However, as

the largest available GPT-3 model is explored, the comparisons appear sufficient to show the performance
of a variety of LLMs.
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unless they have been specifically tuned for the task, so only the 7B and 6.7B models
for BLOOM and OPT respectively are explored for the DSTC10 datasets. Flan-T5 and
InstructDial are analyzed in the 3B setting for consistency. Lastly, InstructGPT (text-
davinci-002) is used, which has 175B parameters.

Fine-grained Metric Evaluation

FED is separated into turn-level and dialog-level metrics. The dataset has annotations
for 8 different turn-level metrics, consisting of interestingness, engagingness, specificity,
relevance, correctness, semantic appropriateness, understandability, and fluency, with the
addition of overall quality. FED annotates three different responses for each dialog context;
one FED dialog is treated as one example. The corresponding rating is inserted after the
response statement in the prompt, an example of which can be seen in Appendix .
FED also looks at 10 different dialog-level metrics for a system’s responses: coherence,
error recovery, consistency, diversity, topic depth, likeability, understandingness, flexibility,
informativeness, and inquisitiveness, with overall quality included. The model is prompted
with the full dialog context with the rating.

The FED metric was previously evaluated with both fine-tuned (ft) and from-scratch
345M and 762M DialoGPT [201] models. In the following experiments on FED, 3 in-context
examples were used for prompting in Tables B.2, @, @, @, @, and

In-Context Example Selection

This setting evaluates 2 versions of the TNLGv2 model: 6.7B and 530B. These models are
compared to the 762M ft DialoGPT model and the results are shown in Tables @ and
3.3

First, the performances of these models are compared over the three example selection
methods: manual, random, and algorithmic. With manually chosen in-context examples,
the 530B TNLGv2 model outperforms the DialoGPT model on almost all turn-level metrics
except for understandability and fluency. There are significant gains in all of the dialog-level
metrics as well. Since DialoGPT is fine-tuned on Reddit threads, more casual language is
expected, compared to models like TNLGv2 where many of the training datasets consist
of more formal language. Since the wording of conversational responses tends to be more
casual, it is not surprising that the fine-tuned DialoGPT model outperforms even the
largest TNLGv2 model for fluency and understandability. However, the TNLGv2 models
show large improvement on predicting turn- and dialog-level quality. This suggests that
the TNLGvV2 models have a strong grasp on overall quality, which may be due to training
on more formal language.

BM25. generally outperforms BM25. and BM25;,. However, when choosing exam-
ples with BM 25y, the correlation of understandability with human annotations increases
significantly when using the 6.7B TNLGv2 model. 6.7B TNLGv2 consistently outperforms
530B TNLGV2 in this aspect with any BM25 method. It appears that the smaller model
is more influenced by the similarity of language in the examples than the larger one.
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Even when given random examples, the TNLGv2 models outperform the 762M ft Di-
aloGPT model on a majority of the fine-grained metrics. This shows that larger models
can better detect what constitutes a good response based on these metrics even if they are
not given hand-picked examples. However, they generally do not outperform the manually
or algorithmically chosen examples as expected.

An additional observation is that there are certain factors that cause models to per-
form better or worse on specific metrics: number of parameters the model has, the type of
training data, and the difficulty of the task. LLMs are able to provide increases in perfor-
mance of over 50% for 15 out of 20 turn- and dialog-level metrics compared to DialoGPT
with 530B TNLGv2 and manually-chosen examples. However, if the 530B TNLGv2 model
is compared to the 6.7B TNLGv2 model, this increase is only observed for 2 out of the
20 metrics: correctness and understandability. LLMs can achieve high correlations with
human judgement, but there is a limit to how much more performance gains can increase
with extremely large models.

Specificity, relevance, and correctness all relate to the context of the conversation while
the other metrics are more turn-specific. It follows that relevance and correctness with
BM25., on the 6.7B TNLGv2 model outperform the 530B TNLGv2 model with manual
examples. However, specificity performs worse. Choosing both diverse ratings and similar
example points are important. This finding further supports the idea that the nature of
the data used to train these LLMs is important. Had the training data been more similar
to conversational language, an increase could have been observed in the correlations for
these metrics without choosing algorithmically similar examples.

TNLGvV2 struggles with understandability; it performs the worst at the highest corre-
lation of 0.193. It also has unstable performance; performing at significance with random
examples and with algorithmically chosen examples on 6.7B, but not with manually chosen
ones. This shows that choosing examples with diverse ratings helps a model less for metrics
that it already performs poorly on; it would better benefit from examples that are similar.

In general, even with the difference in training data, it is easier to obtain an overall
sense of the conversation than a metric for a single turn for the larger models due to
the large amount of parameters and variety of data that they have seen. When choosing
examples based on context, the larger models generally perform worse; it appears that
having different examples is more important for dialog-level metrics than for turn-level
metrics.

Comparisons Across LLMs

These model comparisons are performed using manually chosen in-context examples, since
that is what generally performed the best in both turn-level and dialog-level metrics in
Tables and B.5. Comparisons across smaller versions of BLOOM and OPT can be
found in Tables and B.7.

Even though the large versions of BLOOM and OPT could not be run, it is apparent
that both of these models outperform TNLGv2 on understandability, and that OPT 6.7B
can outperform TNLGv2 530B on fluency. Data dissimilarities were noted above in Section
between the TNLGv2 model and the FED data. Although BLOOM was only trained
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manual random BM25¢4r BM25¢ BM25g

Quality 762M ft 6.7B  530B 6.7B 530B 6.7B  530B 6.7B 530B 6.7B  530B
Interesting 0.408 0.455 0.474 0.293 £0.03 0.398+0.02 0.358 0.383 0.336 0.389 0.355 0.385
Engaging 0.318 0.459 0.484 0.235+0.04 0.352+0.02 0.378 0.383 0.308 0.332 0.328 0.389
Specific 0.267 0.305 0.450 0.188+0.02 0.289+0.00 0.268 0.322 0.217 0.224 0.297 0.329
Relevant 0.152 0.214 0.300 0.1794+ 0.04 0.299+0.03 0.392 0.357 0.338 0.314 0.311 0.356
Correct 0.133 0.195 0.393 0.171+0.04 0.338+0.04 0.399 0.377 0.333 0.341 0.300 0.383

Sem. Approp. 0.155 0.292 0.395 0.163+0.03 0.270+0.00 0.291 0.294 0.261 0.270 0.287 0.337
Understandable ~ 0.111  0.021* 0.036* 0.146+ 0.02  0.129+ 0.02 0.193 0.062* 0.141 0.028*% 0.169 0.029*
Fluent 0.224 0.164 0.195 0.052*+ 0.03 0.112*+ 0.01 0.096* 0.178 0.106 0.147 0.096* 0.121
Overall 0.209 0.371 0.475 0.256+ 0.02  0.380+ 0.010 0.474 0.514 0.435 0.438 0.360 0.407

Table 3.2: Turn-level fine-grained metrics on the FED dataset for manually, randomly, and
BM25 chosen examples over the TNLGv2 6.7B and 530B models. BM25., stands for
examples chosen by BM25 considering both the context and the response of the test point.
BM25, stands for examples chosen by BM25 considering the context and BM25; stands
for examples chosen by BM25 considering the response. Bold values indicate the best
value for the metric and * values indicate correlations that are not statistically significant.

manual random BM25¢
Quality 762M ft  6.7B 530B 6.7B 530B 6.7B  530B
Coherent 0.251 0.599 0.727 0.443+ 0.03 0.533+ 0.02 0.618 0.512
Error Recovery  0.165* 0.474 0.578 0.348+ 0.04 0.463+0.06 0.492 0.419
Consistent 0.116* 0.276 0.382 0.270+ 0.02 0.205* + 0.04 0.238 0.046*
Diverse 0.420 0.625 0.620 0.434+ 0.06 0.490+ 0.02 0.496 0.548
Topic Depth 0.476 0.640 0.659 0.361+ 0.03 0.531+ 0.04 0.559 0.472
Likeable 0.262 0.619 0.686 0.511+0.03 0.580+ 0.01 0.568 0.515
Understanding 0.306 0.517 0.638 0.479+ 0.06  0.496+ 0.02  0.567 0.428
Flexible 0.293 0.617 0.656 0.491+ 0.05 0.553+0.03 0.614 0.451
Informative 0.288 0.569 0.547 0.391+ 0.04  0.452+ 0.04 0.523 0.419
Inquisitive 0.163 0.537 0.527 0.436+ 0.05 0.444+ 0.02 0.334  0.252
Overall 0.443 0.630 0.688 0.479+ 0.05 0.570+ 0.02  0.607 0.531

Table 3.3: Dialog-level fine-grained metrics on the FED dataset for manually, randomly,
and BM25 chosen examples over the TNLGv2 6.7B and 530B models. BM25 stands for
examples chosen by BM25 considering only the context of the test point.

on some English data, it has still seen some casual language, while OPT was partially
trained on Reddit data. Thus the language appearing in the BLOOM and OPT training
sets more closely matches that of the conversations used here. This explains the increase
in performance.

BLOOM 7B outperforms 6.7B TNLGv2 on correctness, while OPT 6.7B outperforms
6.7B TNLGvV2 on relevance, correctness, semantic appropriateness and fluency in addition.
As previously noted, relevance and correctness are turn-level metrics that take more of the
context into account, so with training data that is more similar to casual language, these
models perform better. It should be noted that the overall turn- and dialog-level quality
results were not surpassed by any smaller model, thus the very large models will have an
advantage for overall metrics.

Flan-T5 outperforms the largest model, TNLGv2 530B, on interestingness, relevance,
and understandability at turn level and coherence, consistency, and informativeness at
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TNLG BLOOM OPT Flan-T5 InstructGPT
Quality 6.7B  530B B 6.7B  30B 3B 175B
Interesting 0.455 0.474 0.291 0.429 0.399 0.519 0.551
Engaging 0.459 0.484 0.435 0.446 0.349 0.425 0.489
Specific 0.305 0.450 0.296 0.275 0.207 0.433 0.421
Relevant 0.214  0.300 0.109 0.272 0.289 0.435 0.471
Correct 0.195 0.393 0.235 0.342 0.354 0.378 0.376
Sem. Approp. 0.292 0.395 0.258 0.371 0.382 0.277 0.374
Understandable 0.021* 0.036* 0.159 0.131 0.073* 0.297 0.382
Fluent 0.164 0.195 0.111 0.201 0.188 0.200 0.204
Overall 0.371  0.475 0.274 0.368 0.433 0.445 0.536

Table 3.4: Turn-level fine-grained metrics on the FED dataset for manually chosen exam-
ples over the TNLGv2, BLOOM, OPT, Flan-T5, and InstructGPT models.

TNLG BLOOM OPT FLAN-T5 InstructGPT
Quality 6.7B 530B 7B 6.7B  30B 3B 175B
Coherent 0.599 0.727 0.613 0.558 0.584 0.730 0.707
Error Recovery 0.474 0.578 0.474 0.377 0.479 0.398 0.560
Consistent 0.276  0.382 0.323 0.237 0.309 0.410 0.517
Diverse 0.625 0.620 0.498 0.454 0.607 0.544 0.628
Topic Depth 0.640 0.659 0.637 0.544 0.609 0.650 0.680
Likeable 0.619 0.686 0.566 0.544 0.571 0.659 0.672
Understanding 0.517 0.638 0.484 0.505 0.483 0.637 0.694
Flexible 0.617 0.656 0.499 0.528 0.592 0.595 0.688
Informative 0.569 0.547 0.462 0.497 0.522 0.662 0.647
Inquisitive 0.537 0.527 0.539 0.461 0.537 0.487 0.578
Overall 0.630 0.688 0.531 0.374 0.530 0.585 0.690

Table 3.5: Dialog-level fine-grained metrics on the FED dataset for manually chosen ex-
amples over the TNLGv2, BLOOM, OPT, Flan-T5, and InstructGPT models.

BLOOM OPT
Quality 560M 1.1B  1.7B 3B | 125M 350M 1.3B 2.7B
Interesting 0.282 0331 0336 0.328 | 0.187 0.186 0.388 0.245
Engaging 0.217 0.320 0.278 0.418 | 0.121 0.252 0.398 0.292
Specific 0.030* 0.065* 0.204 0.353 | 0.197 0.004* 0.217 0.222
Relevant 0.076* 0.056* 0.072* 0.091* | 0.146 0.105 0.231 0.177
Correct 0.106 0.146 0.124 0.173 | 0.119 0.152 0.327 0.270
Sem. Approp.  0.048% 0.228 0.205 0.265 | 0.148 0.278 0.274 0.296
Understandable -0.017* 0.043* -0.005* 0.087* | 0.058* 0.021* 0.189 0.205
Fluent 0.158 0.223 0.097* 0.091* | 0.109 0.087* 0.158 0.163
Overall 0.086* 0.179 0.076* 0.285 | 0.134 0.219 0.338 0.197

Table 3.6: Turn-level fine-grained metrics on the FED dataset for manually chosen exam-
ples over the smaller sizes of BLOOM and OPT.

dialog level. There is a larger performance drop for the semantic appropriateness, error
recovery, and overall dialog-level quality metrics. Error recovery is a relatively new metric
[120]. Even though Flan-T5 was fine-tuned on many dialog tasks, it may not have seen data
that addresses this specific metric. Flan-T5 only has 3B parameters, and the fact that it
outperforms 530B TNLGv2 shows the importance of use of dialog data during pre-training

or fine-tuning.
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BLOOM OPT

Quality 560M 1.1B 1.7B 3B 1256M 350M 1.3B 2.7B
Coherent 0.499 0.533 0.531 0.531| 0.490 0.514 0.528 0.435
Error Recovery 0.293 0.298 0.322 0.448 | 0.168 0.380 0.342 0.348
Consistent 0.217 0.238 0.129*% 0.264 | 0.193 0.191 0.250 0.268
Diverse 0.345 0.430 0.461 0.518 | 0.451 0.304 0.491 0.531
Topic Depth 0.418 0414 0.519 0.462 | 0.228 0.302 0.462 0.454
Likeable 0.310 0.374 0.421 0476 | 0.467 0.395 0.462 0.535
Understanding  0.276  0.312 0.257 0.371 | 0.389 0.283 0.414 0.494
Flexible 0.269 0.432 0.400 0.441 | 0.458 0.377 0.460 0.432
Informative 0.149* 0.384 0.372 0.537 | 0.378 0.402 0.381 0.544
Inquisitive 0.198 0.350 0.318 0.339 | 0.489 0.300 0.439 0.413
Overall 0.262 0.146* 0.207 0.261 | -0.000* 0.319 0.452 0.437

Table 3.7: Dialog-level fine-grained metrics on the FED dataset for manually chosen ex-
amples over the smaller sizes of BLOOM and OPT.

InstructGPT, being fine-tuned with prompting at 175B parameters, is more suitable
for the present experiments. It performs very well on both turn- and dialog-level metrics,
outperforming 530B TNLGv2 on almost all metrics. Since InstructGPT has already seen
prompting, the model can better understand a task through only instructions or combina-
tions of instructions and in-context examples.

DSTC10 Datasets

The same set of experiments were carried out on the 8 datasets in the DSTC10 challenge in
Tables @, @ and . The previous best performing metrics on DSTC10 are compiled
from [61], which include both reference-free and fine-tuned metrics, of which over 6 of the
8 datasets, the best performing metric was based on a model fine-tuned on some subset of
DSTC10 datasets. Quality is evaluated in terms of how good a response is to the context.

In-Context Example Selection

Experiments are performed with randomly chosen examples and examples that were chosen
by BM25 over 4, 8, and 12 examples in Tables and B.9. Higher correlation results are
obtained on 4 datasets (DZ, DGU, DGR, and FT) with comparable results on 3 datasets
(TU, PU, and FD), as compared to the best DSTC10 baselines. Most of the best results
are on the 530B TNLGv2 model, which will be discussed in this section, as compared to
the 6.7B TNLGv2 model. Several factors are relevant here: the language of the dataset,
the way the dataset was created, and how the dataset was annotated.

DailyDialog contains more formal language, thus TNLGvV2 should perform well since its
training dataset includes data sources with formal language. DZ, DGU, and DGR almost
always perform the best when examples are chosen from looking at the context; adding
the response generally leads to poorer performance. Since these datasets are annotated
for appropriateness and coherence, context is more important than a more turn-specific
metric.

TopicalChat was created through knowledge-grounding. The conversations could thus
have more substance than a purely open-domain un-prompted conversation. It thus follows
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Model TU Dz PU DGU DGR FT EG FD

4ex 0.034* + 0.050.117 + 0.02 0.206 =+ 0.02 0.080* + 0.05 0.121+ 0.05 0.191 + 0.06 0.005* + 0.04 0.228 + 0.03
8ex 0.054* + 0.05 0.160 + 0.02 0.206 + 0.03 0.109* + 0.03 0.139 + 0.08 0.178 + 0.02 0.060* + 0.06 0.238 + 0.11
12ex 0.063* + 0.030.149 + 0.00 0.225 + 0.01 0.114 + 0.05 0.143 =+ 0.06 0.210 + 0.03 0.052* + 0.02 0.127 + 0.04
4ex BM25y 0.148 0.218 0.223 0.202 0.094* 0.273 -0.012* 0.335
4ex BM25¢ 0.124 0.198 0.237 0.209 0.214 0.296 0.057* 0.314
4ex BM25c4r 0.05* 0.142 0.169 0.167 0.083* 0.274 0.038* 0.339
8ex BM25, 0.077* 0.270 0.203 0.222 0.128 0.199 0.042* 0.335
8ex BM25¢ 0.184 0.328 0.343 0.526 0.176 0.363 0.073* 0.387
8ex BM25¢4r 0.029* 0.152 0.020* 0.092 0.022* 0.348 0.024* 0.440
12ex BM25y 0.069* 0.338 0.153 0.213 0.110* 0.250 0.026* 0.401
12ex BM25¢ 0.285 0.544 0.325 0.678 0.208 0.330 0.042* 0.365
12ex BM25¢4r 0.035* 0.168 0.088* 0.086* 0.100* 0.407 0.092* 0.343

Table 3.8: Spearman correlation of model predictions with human ratings for TNLGv2
6.7B model with algorithmically chosen examples. TU, PU, PZ, DZ, CG, DGU, DGR,
EG, FT and FD are abbreviations for TopicalChat-USR, PersonaChat-USR [],
PersonaChat-Zhao [], DailyDialog-Zhao [], ConvAI2-GRADE [@], DailyDialog-
Gupta_ [h9], DailyDialog-GRADE [71], Empathetic-GRADE [@], FED-Turn and FED-
Dial [120].

that response selection will work the best when choosing examples. PersonaChat has
conversations that are persona-conditioned, so the quality of the conversation should take
into account the entire conversation for each persona. It performs better with examples
chosen for context and response or with just context.

FED is split into turn- and dialog-level annotations, thus, for turn-level annotations
choosing examples based on responses should work best, and for dialog-level annotations
choosing examples based on either the context or the context and response should per-
form the best. Choosing examples with context and response performs the best for EG,
but randomly choosing examples outperforms that result. It may be that with emotion-
ally grounded conversations, the model needs more, or more diverse examples due to the
different ways emotion can be expressed.

In general, choosing examples algorithmically improves performance over randomly
choosing examples. This is consistent with previous experiments above. However, randomly-
chosen examples perform better on the DGR and EG datasets on the 530B TNLGv2 model.
This may be because these two datasets were rated for coherence. Algorithmically, choos-
ing examples based on context and response performs the best on EG, as was seen for
coherence in FED in Section B.2.4.

Comparisons Across LLMs

Table compares the evaluation results across various LLMs. Due to model input length
restrictions, the following experiments were carried out using 4 in-context examples or in
a zero-shot setting. BM25 is only used with the context as the example selection strategy,
since it performed well with the TNLGv2 models.

In the few-shot setting, models that were not fine-tuned or trained with prompting
(BLOOM, OPT) did not have consistent results across the datasets. However, those that
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Model TU DZ PU DGU DGR FT EG FD

4ex 0.112 + 0.03 0.428 + 0.01 0.403 + 0.02 0.542 + 0.00 0.338 + 0.01 0.318 + 0.02 0.248 + 0.04 0.290 + 0.05
8ex 0.169 + 0.03 0.430 + 0.03 0.331 + 0.03 0.570 £ 0.01 0.429 + 0.05 0.337 + 0.01 0.200 + 0.04 0.339 + 0.18
12ex 0.148 + 0.03 0.453 + 0.02 0.384 + 0.02 0.565 + 0.01 0.410 + 0.06 0.412 + 0.03 0.160 + 0.02 0.351 + 0.08
4ex BM25y 0.247 0.424 0.252 0.482 0.342 0.364 0.144 0.264
4ex BM25¢ 0.129 0.424 0.339 0.510 0.370 0.172 0.192 0.549
dex BM25¢4r 0.213 0.441 0.432 0.479 0.371 0.137 0.211 0.479
8ex BM25x 0.309 0.487 0.275 0.536 0.304 0.426 0.121 0.419
8ex BM25¢ 0.227 0.564 0.460 0.627 0.387 0.323 0.123 0.518
8ex BM25¢4r 0.185 0.458 0.439 0.526 0.308 0.377 0.171 0.530
12ex BM 255 0.300 0.474 0.358 0.570 0.337 0.393 0.095%* 0.414
12ex BM25¢ 0.278 0.688 0.449 0.674 0.397 0.377 0.106* 0.492
12ex BM25¢4+r 0.202 0.491 0.452 0.465 0.349 0.358 0.148 0.493
Best of DSTC10 baselines  0.319 0.532 0.493 0.596 0.363 0.247 0.395 0.555

Table 3.9: Spearman correlation of model predictions for overall quality with human rat-
ings for TNLGv2 530B model with algorithmically chosen examples. TU, PU, PZ, DZ,
CG, DGU, DGR, EG, FT and FD are abbreviations for TopicalChat-USR, PersonaChat-
USR [], PersonaChat-Zhao [], DailyDialog-Zhao [@], ConvAI2-GRADE [],
DailyDialog-Gupta [@], DailyDialog-GRADE [@], Empathetic-GRADE [@], FED-Turn
and FED-Dial [@]

Model TU DZ PU DGU DGR FT EG FD

BLOOM-7B-4ex 0.027* 0.075 0.123 0.127 0.131 0.117 0.012 0.289
OPT-6.7B-4ex 0.115 0.258 0.444 0.228 0.091* 0.486 0.044*  0.657
TNLG-6.7B-4ex 0.124 0.198 0.237 0.209 0.214 0.296 0.057* 0.314
TNLG-530B-4ex 0.129 0.424 0.339 0.510 0.370 0.172 0.192 0.549
Flan-T5-3B-4ex 0.447 0.657 0.578 0.714 0.379 0.442 0.396 0.492
InstructGPT-175B-4ex 0.616 0.716 0.687 0.746 0.472 0.506 0.305 0.412
Flan-T5-3B-0ex 0.357 0.599 0.533 0.677 0.351 0.380 0.418 0.444
InstructDial-3B-0ex 0.446 0.601 0.376 0.634 0.286 0.263 0.475 0.228
Best of DSTC10 baselines 0.319 0.532 0.493 0.596 0.363 0.247 0.395 0.555
Best TNLGv2 value 0.309 0.688 0.460 0.678 0.429 0.426 0.248 0.549

Table 3.10: Spearman correlation of model predictions for overall quality with human
ratings with 4 examples chosen with BM25 using context. Macro average scores are also
shown.

were fine-tuned or prompted (Flan-T5, InstructGPT, InstructDial) had results that were
close to or surpassed the previous best DSTC10 baselines. InstructGPT performed the
best. Even in the zero-shot setting, Flan-T5 outperforms the baseline in 6 of the datasets,
and InstructDial in 5.

These results clearly show that for dialog evaluation, it is insufficient to simply train on
large amounts of general internet data. Specialized approaches such as instruction tuning
on multiple tasks improve the generalization capabilities of models in zero- and few-shot
settings. It is not surprising that InstructGPT performs the best since it fine-tunes a very
large language model with instructions.



3.2.5 Conclusion

LLMs have the potential to significantly contribute to dialog evaluation. Current LLMs
perform well for this task in a few-shot setting. However, this performance varies greatly
depending on the content of and number of examples in the prompt. Models prefer more
similar examples for metrics that they struggle to evaluate, while preferring examples with
more diverse ratings for metrics that they can evaluate well. Very large language models
also still afford performance gains, especially for overall quality evaluation at the turn and
dialog level. Even though large language models perform better at dialog-level fine-grained
metrics, there are still previously shown issues with how these models understand social
situations and use context that may hinder further improvement if not addressed.

Performance is also affected by the model’s training data. Smaller language models
that are fine-tuned on instructions, trained on dialog data, and/or trained on multiple
dialog tasks outperform larger language models. These smaller models also perform more
consistently over different domains. This indicates that LLMs should have more diverse
pre-training data in order to be able to handle a larger variety of tasks in few or zero-shot
settings.

More work needs to be done on understanding how a large language model models
different types of tasks. In-context example selection and example wording still remains
unstable across large language models in many tasks, and the performance variation over
different dialog domains in this paper demonstrates that as well.

Presently, the LLMs explored in this paper have their own strengths. Smaller models
such as BLOOM and OPT could share more training data similarity with dialog tasks based
on their objective. TNLGv2 530B provides a very large language model that has shown
improvement in dialog evaluation along with other NLP tasks. Flan-T5 and InstructDial
show the efficacy of fine-tuning a LLM on dialog tasks, and InstructGPT shows the im-
portance of training a model to better recognize prompts. The evaluations of these models
provide suggestions for the characteristics of the best LLMs to use for dialog evaluation.
Future work in using LLMs for other NLP tasks can benefit from such comprehensive anal-
yses. Once a better understanding of LLMs is realized, the capabilities of large language
models for zero- and few-shot tasks will increase greatly.

3.3 Quantifying the Statistical Effect of Rubric Mod-
ifications on Human-Autorater Agreement

3.4 Introduction

Autoraters, or LLM-as-judges, have been used as an alternative to human annotation due
to their scalability, cost, and time effectiveness. Their effectiveness is typically validated
through agreement with human annotation. Borrowing from education literature, a rubric
is defined as having “coherent sets of criteria” and “descriptions of levels of performance
for these criteria” [17). This describes the scoring guidelines and instructions provided
to any rater, whether human or automated, which is also referred to as part of a prompt
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Figure 3.2: This diagram provides a walkthrough of the experimental setup as shown for
automatic essay scoring. It represents comparisons made between human-autorater agree-
ments 7 across holistic rubrics (left), in which all criteria are applied together in a single
overall judgment, or analytic rubrics (right), in which criteria are evaluated separately,
resulting in multiple scores. The original rubrics are given to a human and an autorater,
while edited rubrics are given to autoraters only. Arrows in bold between 7, 7 and 73,
74 represent comparisons for which statistical significance can be calculated. Arater rep-
resents comparisons where the type of rater is changed while the type of rubric remains
constant, while Arubric represents comparisons where the type of rubric is changed and
the type of rater remains constant. 2%




as described in autorater literature. Ideally, both human raters and autoraters would
receive equivalent evaluation rubrics that accurately measure the same construct with
reliable certainty. However, equivalence does not necessitate identical presentation. Wu
and Quinn [191] show that expert and non-expert human raters may require different levels
of instruction specificity, for instance, specifying tools and providing concrete examples
improves accuracy specifically when raters lack task-relevant knowledge.

In addition to identical presentation across different types of raters, humans and au-
toraters are sensitive to variations in instruction presentations within the same type of
rater. For humans, this sensitivity includes the interpretation of the task during crowd-
sourcing [86] and instruction specification, where increasing instruction specification in-
creases accuracy on the task [191]. For autoraters, position bias (where the position of the
evaluated text within the prompt will influence the autorater evaluation) and verbosity
bias (where autoraters prefer more verbose texts) are only a few of the known sensitivities
[207]. Autoraters are also sensitive to rubric variations such as formatting choices [158] and
example ordering [109]. Another example of instruction presentation involves decompos-
ing criteria into multiple sub-criteria. Previous work has successfully used decomposition
to improve LLM performance, whether by having autoraters decompose evaluation crite-
ria into sub-tasks [[153] or by having humans decompose complex questions into simpler
sub-questions for models [136].

Understanding whether rubric modifications produce statistically significant shifts in
agreement is essential for practitioners who aim to deploy autoraters as evaluation tools.
This work studies human-autorater agreement in two domains: automatic essay scoring
(AES) and instruction-following (IF). We examine statistically how rubric presentation
and broader rubric modifications affect human-autorater agreement on subjective evalu-
ation tasks, as well as empirically examining whether decomposing general holistic judg-
ments that ask for a single high-level criteria into more granular sub-criteria, originally
designed for human evaluators, can be an effective approach for improving human-judge
agreement. The findings indicate that instructions optimized for autoraters tend to im-
prove agreement with human ratings when autoraters receive machine-optimized instruc-
tions and humans receive the original set of instructions. Conversely, giving autoraters
simpler prompts does not guarantee higher agreement with human ratings. These re-
sults indicate that 1) rubric edits providing representative examples along with contex-
tual information increased human-autorater agreement as well as autorater self-agreement,
2) higher criterion complexity and conservative aggregation methods tended to decrease
human-autorater agreement, 3) reducing confirmation bias tends to significantly increase
human-autorater agreement and 4) high human inter-rater agreement leads to significantly
higher human-autorater agreement. These findings from the automatic essay scoring and
instruction-following evaluation domains suggest that practitioners should carefully analyze
domain-specific performance and modify rubrics to move towards high human-autorater
agreement.
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3.5 Related Work

3.5.1 Rubrics in Context

Expanding upon Section @, rubrics consist of both the criteria, which are the components
of the overall evaluation, and the descriptions for the criteria.

Decomposition level describes criteria presentation, and refers to whether prompts
are holistic, where “all criteria are [applied] at the same time”, or analytic, where “work
[is described] on each criterion separately”, [17].

Generality level details the descriptions for the criteria, and refers to whether prompts
are general or task-specific (i.e., evaluation prompts that [can\cannot] also be used for other
tasks) [17]. Autorater evaluation prompts can be viewed through this lens - for example,
a holistic autorater evaluation prompt may ask for a single overall judgment whereas an
analytic prompt would decompose the evaluation into criterion to be evaluated separately.

Prompt complexity, as used in this work, refers to the cognitive demands placed
on a rater during evaluation. Prior work on task complexity and cognitive demand has
identified the number of paths, or components, that must be considered simultaneously [22],
the degree of element interactivity (i.e., the extent to which components must be processed
together rather than independently) [167] and ambiguity resulting in communication failure
[22] as characteristics of cognitive load. Thus in our work, we consider the number of criteria
evaluated, the degree to which score-level descriptions are interrelated, and the extent to
which the rater must resolve ambiguity across sub-criteria.

3.5.2 LLM-as-judges

The autorater (LLM-as-a-judge) paradigm has received substantial recent attention. Sev-
eral past works demonstrated that LLMs can produce evaluations consistent with human
experts. [30, 99]. However, research also shown that autoraters are sensitive to prompt vari-
ations, with different instructions leading to substantially different performances [123] and
varying quality, necessitating statistical procedures to justify replacing human raters [20].
Several recent works have studied how prompt modifications affect autorater performance.
[158] demonstrated that prompt formatting choices (e.g., separator characters, whites-
pace) can significantly affect task accuracy, though these effects weakly correlate across
models. [109] showed that example ordering in few-shot prompts substantially impacts
performance on classification tasks. Our work extends this literature by using statistical
procedures where possible to test how rubric modification choices, such as decomposition
level, example selection, and aggregation methods affect agreement with human judgment
on tasks where even trained human raters often disagree. This work also empirically ex-
amines whether simpler rubrics, often assumed to reduce cognitive load, actually improve
human-autorater agreement, in domains where there is no single correct answer, contrast-
ing with the classification and multiple-choice tasks used in prior work.
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3.5.3 Automatic Essay Scoring (AES) and Instruction-Following
(IF)

Recent work has explored using autoraters for AES, employing various personas, including a
“virtual evaluator with expertise in English composition” [192], a “helpful pattern-following
assistant” [116], and an “English essay writing test evaluation committee” or “English
teacher” [97]. However, these personas may be misaligned with the original human raters;
for example, scoring guidelines for a portion of the dataset from Hamner et al. [64] explicitly
state that raters should not be teachers. The number of few-shot examples provided to
the autorater also varies, Xiao et al. [192] select the closest three examples with calculated
embeddings, while Kundu and Barbosa [93] chose one essay that scored highly and one
essay that scored poorly.

While most studies utilize the rubrics given by the AES datasets, Lee et al. [97] auto-
matically decomposed the original essay scoring rubric into sub-criteria and performed a
modified average aggregation on the sub-criteria, which on average performs better than
using a single score from zero-shot prompting. However, Xiao et al. [192] demonstrated
significant improvements by fine-tuning GPT-3.5-turbo and Llama3-8B compared to using
GPT-4 with rubrics and few-shot examples. These previous works also may request expla-
nations for scores from autoraters to mimic CoT, aiming for more accurate explanations
and ratings. Studies on analytic rubrics primarily focus on cross-prompt scoring [28]. The
experimental setup in this work follows the rigor of prior work by studying multiple au-
toraters, using given rubrics, and performing various rubric edits. However, the hypotheses
examined extend prior findings on edited rubrics and further investigate rubric components
across various essay scoring rubrics.

Research on instruction-following in LLMs has led to two primary approaches for im-
proving and evaluating LLMSs, instruction tuning and alignment tuning. Prior work has
found that larger models tend to follow instructions more accurately, though this rela-
tionship is not strictly linear [130]. Honovich et al. [68] proposed allowing LLMs to write
instructions based on only seeing examples of a task, although this is still less accurate
than human-written instructions.

3.6 Experiment Setup

Our hypotheses focus on the criteria presentation of rubrics for autoraters: (1) Edited
prompts will improve autorater alignment with human ratings over the original prompts
(humans and autoraters may require different prompts due to the way that they pro-
cess information); and (2) Analytic rubrics will improve autorater alignment with human
ratings over holistic rubrics (the decomposition of holistic constructs into discrete com-
ponents within analytic rubrics is expected to improve autorater alignment by simplifying
the evaluation task).
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3.6.1 Experiments

This work examines four different scores: human ratings on holistic (Hy) and analytic
prompts (H,4), and autorater ratings on holistic (LLMy) and analytic prompts (LLM4).
These scores facilitate two comparisons: ARater, which assesses human-autorater agree-
ment when using the same type of rubric, ARubric, which investigates the impact of
varying the type rubric while keeping the type of rater constant, revealing how different
rubrics influence ratings even when measuring the same criteria. These comparisons are
depicted in Figure @ Additional analysis on ARater+Rubric, varying both the type
of rubric and type of rater, is explored in Appendix |3.]] for completion.

Additionally, this study compares two approaches: presenting the autorater with the
original human rubric versus a modified rubric, or edited rubric, designed to enhance
agreement. Modifications include adding additional context (if available), incorporating
examples, and reducing positional bias. Prior work [116] studied adding a rubric and then
adding an example into the prompt, and found that ChatGPTH benefited from having
rubrics and examples, whereas Llama—2—13b—chat—h@ did not for some cases. This work
uses several modification conditions. First, the original holistic prompts for the AES task
include a large number of examples (10-18) - edited holistic prompts reduces the examples
to a representative set of three examples (3ex; high, medium, and low scores). This serves
two purposes: (1) it creates a more direct comparison with the edited analytic prompts,
which also use three examples, and (2) it avoids an excessively long prompt for the model.
Second, the analytic rubric prompt formats of presenting all sub-criteria in a single API
call (batch), in separate API calls to mitigate potential positional bias (separate), and
a combination of enhancements such as incorporating additional context, the ”"3ex” set
(as the original analytic rubrics had no examples), and_the "separate” API call strategy
(edited) are tested. Prompts are provided in Appendix |4.

3.7 Methods and Materials

3.7.1 Datasets

Each hypothesis is tested across the domains of AES and IF to determine whether any
observed effect is context-dependent. Human annotations are provided by each dataset.

Automatic Essay Scoring (AES). Automatic essay scoring is a well-established field,
with the Automated Student Assessment Prize (ASAP) as a primary dataset [64]. ASAP
contains over 21,000 essays over 8 essay prompts, each with a holistic rubric used by trained
human raters. To provide further diversity within AES, this study uses essay prompts 1,
4, and 6, which represent diverse essay prompt types (argumentative, source-dependent,
source-dependent) and rubric types (general, general, task-specific) shown in Appendix

Shttps://platform.openai.com/docs/models
‘https://huggingface.co/meta-1lama/Llama-2-13b-chat-hf
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Table B The essay prompts also provide single holistic scores, and integer scores from 1
to 5 (essay prompt 6’s scores are condensed to integers).

The ASAP++ dataset [117] provides corresponding analytic rubrics for these essay
prompts. Except for the holistic rubric for essay prompt 6, all other rubrics are general. It
is important to note while both ASAP and ASAP++ evaluate essay quality, the specific
sub-criteria for essay quality differ (ex. “audience awareness” is mentioned in ASAP but
not ASAP++ and “conventions” is mentioned in ASAP++ but ASAP explicitly asks
raters to not consider this). This discrepancy may lead to imperfect agreement between
ASAP and combined ASAP++ ratings. Additionally, the ASAP++ analytic rubrics do
not include examples, so three examples per essay prompt were selected from ASAP++
and excluded from analysis. These examples represent high, medium, and low scores across
all analytic sub-criteria (ex. a high scoring essay contains the highest scores for all analytic
sub-criteria).

Instruction-following (IF). Compared to AES, instruction-following work has decom-
posed instructions into a series of questions that isolate individual criteria, but with no
evaluation differences in the rubric. The InfoBench [141] dataset consists of both easy and
hard instructions, along with outputs from five popular LLMs. Outputs are holistically
scored on a scale of one to five with a general rubric, and analytically scored with binary
yes/no responses to decomposed instructions with task-specific rubrics. In the dataset,
each output was annotated with both scores by three expert annotators using provided
rubrics. Expert annotators annotated 50 instructions with 5 generations each. The same
example selection methodology used for AES was used to select input, output, instruction
tuples from the remaining dataset that were not annotated by the expert annotators, since
neither rubric in IF provides examples. The decomposed automatic instruction annotations
released by the InfoBench authors served as a starting point to explore the tuples. The
resulting example outputs were generated from three models: GPT-3.5-turbod, Alpaca-
7b [168], and GPT-44[129]), and represent high, medium, and low instruction-following
ratios (100%, 50%, 0%). This is translated into holistic scores of 5, 3, and 1, respectively,
which were validated by the authors.

We select AES and IF for complementary purposes. The AES dataset provides validity
through its multiple rubric variations (examples) all measuring the same underlying con-
struct, essay quality, allowing us to observe the different effects of different operationaliza-
tions of the same evaluation task. Although using ASAP and ASAP-++ simultaneously may
result in a noisy comparison, it provides preliminary evidence for the behavior. Conversely
the InfoBench dataset offers a direct 1:1 comparison holistic and analytic rubrics that mea-
sure identical criteria. Together, these datasets enable us to distinguish between effects
that are domain specific versus those that generalize across evaluation contexts/tasks.

3.7.2 Autoraters

Experiments were conducted using gpt—4o—2024—11—205[128] as the autorater, which has
demonstrated high alignment with human evaluations across various tasks [25, 209], and
Llama-3.1-70B-Instruct [5§].
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Autorater ratings are calculated using a probability weighting scheme similar to Huynh
et al. [74], given by the equation: r = > " Z%iopj * 8;, where r is the final rating from
the autorater, n represents the number of possikj)le scores given by the rubric, p; represents
the exponential of the log probability score given by the autorater, and s; represents the
integer score outputted by the autorater that corresponds to the log probability. In IF for

analytic prompts, s; is represented by 1 for “yes” and 0 for “no”.

3.7.3 Agreement Calculation

While direct numerical comparison (e.g., correlation between raw scores) is often calculated
through agreement metrics such as Cohen’s k, autoraters and human have been shown to
use the same scales differently, with autoraters often exhibiting compressed or shifted
score distributions relative to humans [93]. Preference-based evaluation (e.g., A/B) is
more robust to such shifts, as it captures ordinal relationships rather than numerical ones;
however, such methods do not scale with large datasets. Addressing both issues, we use
Kendall’s 7 with tie consideration (calculated using the SciPy [176] implementation of [88]),
which operates on the existing numerical scores from the data while evaluating the scores
through pairwise ordinal comparisons.

Each domain employs a different method for aggregating analytic rubric scores when
comparing them to holistic rubric scores to calculate concordant pairs for Kendall’s 7. In
AES, Pareto dominance is used, where essay A is considered better than essay B if all
sub-criteria scores of A are at least tied to those of B, with at least one sub-criteria score
from A being higher. Pareto dominance is used as a conservative aggregation method to
ensure that one essay would truly be better than another without knowing about how the
sub-criteria were factored into a holistic rating. In IF, response A is considered to follow
instructions better than response B if A has a higher ratio of correctly followed instructions.

Pareto dominance is chosen as a conservative aggregation method precisely because the
sub-criteria in ASAP and ASAP++ do not perfectly overlap, as noted in . Rather
than imposing an arbitrary weighting scheme or score cutoff to determine which essay is
better, Pareto dominance avoids assuming any particular trade-off between criteria, thus
providing a reliable lower bound on the present agreement.

The confidence interval around the correlations is calculated using bootstrapping [44]
with 1000 samples. The difference between two conditions is calculated, and the 95% confi-
dence interval is determined by sampling the 25th and 975th sorted values. For comparisons
involving three conditions, the confidence interval is adjusted using Bonferroni correction,
with the interval bounds set as the average of the 8th and 9th values and the average of
the 991st and 992nd values. The compared conditions are considered significantly different
if 0 does not fall within the interval.
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GPT-40 H Llama
Arater
Hy — LLMpy Hi — LLMy4 Hy — LLMy Hy — LLMy
P|C.|| Full 3ex Sep. Bat. Edited Full 3ex Sep. Bat. | Edited
H. || 0.437T | 0.387 - - - 0.576 | 0.571 - - -
Ide. - - 0.474* | 0.464 | 0.552%°T - - 0.552 | 0.559 | 0.552
) Or. - - 0.497* | 0.448 | 0.544%°7 - - 0.547* | 0.524 | 0.529%¢
WC - - 0.452* | 0.439 | 0.554%°T - - 0.547* | 0.527 | 0.5075%
SF - - 0.459 | 0.455 | 0.553%°T - - 0.559* | 0.512 | 0.523%F
Cv. - - 0.362 | 0.388* | 0.472%°T - - 0.491 | 0.477 | 0.487
H. [ 0.695T | 0.687 - - - 0.700 | 0.699 - - -
Ct. - - 0.673 | 0.696* | 0.698°T - - 0.698* | 0.693 | 0.701
4 [PA - - 0.662 | 0.677* | 0.680°T - - 0.683* | 0.665 | 0.682°T
La. - - 0.627* | 0.595 | 0.639%°T - - 0.630* | 0.573 | 0.621°T
Na. - - 0.669* | 0.652 | 0.682%°T - - 0.674* | 0.642 | 0.669°T
H. || 0.629 | 0.6447 - - - 0.666 | 0.6807 - - -
Ct. - - 0.610 | 0.652* | 0.676%°T - - 0.680% | 0.648 | 0.6945°T
6 PA - - 0.605 | 0.608 | 0.666°°T - - 0.652* | 0.601 | 0.668%°T
La. - - 0.524* [ 0.510 | 0.546%°T - - 0.542* | 0.496 | 0.547°T
Na. - - 0.562 | 0.557 | 0.590%°T - - 0.579* | 0.547 | 0.589°T
Arubric
Hy — Hy LLMy — LLMy4 Hy — Hy LLMy — LLM4
Pl C. Full 3Jex Sep. Bat. Edited Full 3ex Sep. Bat. Edited
| [full]] 0.591 - 0.756 | 0.750 | 0.839%°T - - 0.685* | 0.671 | 0.7110T
3ex - - 0.792 | 0.789 | 0.838%°T - - 0.736* | 0.713 | 0.768%°T
A full]] 0.656 - 0.838* | 0.817 | 0.8765°T - - 0.854* | 0.780 | 0.869%°T
3ex - - 0.847% | 0.823 | 0.880%°T - - 0.861* | 0.784 | 0.877%°T
6 full]| 0.681 - 0.781* | 0.773 | 0.84250T - - 0.803* | 0.748 | 0.86450T
3ex - - 0.804 | 0.801 | 0.857%°T - - 0.813* | 0.751 | 0.868%°T

Table 3.11: Kendall’s 7 results on AES with GPT-40 and Llama for Arater. P. indicates the
essay prompt, and C. indicates what ratings are being compared, with ideas, organization,
word choice, sentence fluency, and conventions compared for prompt 1, and content, prompt
adherence, language, and narrativity compared for prompts 4 and 6. 7 is calculated with
singular numerical values for Arater and calculated through Pareto dominance comparison
for preferences for Arubric. Significance tests between separate (sep.), batch (bat.), and
edited prompts are performed, where ® and ® in the edited prompt column represents
significant differences with separate and batch prompts respectively. 1 is indicated next
to comparisons that are significantly larger within holistic prompts. « is indicated next to
comparisons that are significantly larger between separate and batch comparisons. 1 and |
represent that the 7 value for edited prompts is significantly larger or smaller respectively
with the separate s or batch b prompts’ 7. The lack of any dagger, star, or arrow denotes
no statistical significance. H is a shortened form for Human.
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GPT-40 Llama
5 Holistic Analytic Holistic Analytic
§ Oex 3ex Sep. | Bat. | Edited || Oex 3ex Sep. | Bat. | Edited
< 0.536 | 0.585 || 0.464* [ 0.167 | 0.471°T || 0.470 | 0.578 || 0.445* | 0.166 | 0.426°T
2 |Ex.|| Hy — Hy LLMy — LLMy4 Hy — Hyu LLMy — LLM4
= |0ex|| 0.534 - 0.640* | 0.455 | 0.640°T || 0.551 - 0.531% | 0.285 | 0.551°T
A [Bex|| - - 0.623* | 0.484 | 0.617°T - - 0.566* | 0.326 | 0.623°"

Table 3.12: Kendall’s 7 results on IF with GPT-40 and Llama. Arubric is calculated
through instruction following ratio comparison for preferences. All other calculations and
significance follow the methodology of Table .

3.8 Results

3.8.1 Edited Rubrics

When editing rubrics for autoraters to improve human-autorater agreement, it is important
to provide examples and context and remove confirmation bias from analytic rubrics.

Using GPT with edited analytic AES rubrics mostly significantly improves
agreement with humans. In Table under Arater under the “edited” column, adding
examples and context in the edited rubric always improved human-autorater agreement,
significantly in the majority of cases, when using GPT, indicated by s,b 1. These improve-
ments range from 0.696 (batch prompt 4 content) to 0.698 (edited prompt 4 content) for
the smaller, non-significant improvements, to 0.439 (batch prompt 1 word choice) to 0.554
(edited prompt 1 word choice), for the larger, significant improvements. While the analytic
rubrics lacked explanations for the examples that the holistic AES rubrics provided, this
statistically significant improvement suggests that the examples and context still provide
necessary grounding for autorater scores.

Edited analytic AES rubrics significantly improves both models’ self-alignment
but not with IF rubrics. In addition to improving human-autorater alignment, adding
examples and context in the edited rubric always significantly improves GPT and Llama’s
self-agreement with their scores on the original holistic rubric, although these two rubrics
have inherent differences, seen in Table @ under Arubric, indicated by s,b 1. Interest-
ingly, these agreements surpass human-human agreement with the two types of unedited
rubrics (0.591, 0.656, 0.681 compared to 0.750, 0.817, 0.773 for GPT, and 0.671, 0.780,
and 0.748 for Llama). This could be because the same autorater is used with both rubrics,
whereas human ratings are from different individuals. This suggests that while the prompts
superficially evaluate different criteria, the autorater converges to a consistent understand-
ing of essay quality across both rubrics, which aligns with the overall rating objective, a
convergence not observed to the same degree in human ratings.

However, adding examples of human analytic scores does not necessarily increase either
autoraters’ self-alignment on IF. Adding examples decreased T with GPT-40 (7 from 0.640
to 0.640, and 0.623 to 0.617 between separate and edited rubrics in Table B.12), but
increased 7 with Llama (0.531 to 0.551 and 0.566 to 0.623 respectively). This suggests
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that autoraters in this case do not achieve a unified understanding of instruction following
across prompts. Despite this, the ratio aggregation method aligns more closely with the
autorater’s internal reasoning about output instruction adherence. With edited prompts,
GPT-40’s alignment (but not Llama’s) exceeded human alignment on both prompts, even
though the human expert annotators across both rubrics remained consistent.

Reducing confirmation bias in all analytic rubrics provides mostly signif-
icant improvement for both models. Prior work has highlighted confirmation bias
[B6], in which conceived judgment is reinforced as the task progresses. This bias could
affect analytic rubrics, leading raters to assign low scores across all criteria if they initially
believe the piece of text is of poor quality. Lee et al. [97] has shown that using separate
conversations to rate each sub-criteria tends to increase agreement over using a single con-
versation to rate all sub-criteria. However, this bias has not been statistically assessed for
autoraters, and may affect autoraters differently than humans.

Across the analytic rubrics on both tasks, the majority of comparisons show separate
rubrics significantly outperforming the batched rubrics. With Llama on AES and both
models on IF, edited rubrics do not consistently outperform separate rubrics. This suggests
the separation of the individual criteria is more important than the examples for Llama.
The scoring rubric itself may contribute to the inconsistency for GPT-40 between AES and
IF. In AES, example essays answered the same writing prompt as the evaluated essay, and
were accompanied by the same scoring rubric during evaluation. Conversely, in IF, the
examples did not correspond to the same decomposed questions being scored. The rubrics
in IF are task-specific and vary significantly across instructions.

In addition, there is a trend of 7 decreasing and then increasing based on criteria order
in prompts 4 and 6, observed with both GPT-40 (0.696, 0.677, 0.595, 0.652 and 0.652,
0.608, 0.510, 0.557 respectively) and Llama (0.693, 0.665, 0.573, 0.642 and 0.648, 0.601,
0.496, 0.547 respectively). This suggests potential differences in bias between humans and
autoraters. This may also suggest that autoraters struggle with rating word choice or lan-
guage. Qualitative analysis of model outputs for instruction following reveal that batch
ratings consistently demonstrated a bias with probability distributions heavily skewed to-
wards “yes” responses when answering yes/no decomposed questions. This contrasts with
the separate API call approach, which more closely resembled human response distribu-
tions, suggesting an underlying bias effect in batch prompts.

Task-specific AES holistic rubrics show significant improvement when re-
ducing examples, but general AES holistic rubrics do not. Reducing the number
of examples from the full set to three (3ex) tends to decrease 7 for GPT on AES for the
general holistic rubrics in essay prompts 1 and 4 (7 dropped from 0.437 to 0.387 and 0.695
to 0.687, respectively), and increase 7 for the task-specific holistic rubric in essay prompt
6 (7 rose from 0.629 to 0.644). This could also be because the examples have explanations
for essay prompts 1 and 4, but not for 6. The score explanations could be more influential
than the scores alone when examples were originally provided, but this could also be due
to the type of rubric.

Adding examples for IF holistic rubrics show improvement. Although there
is an increase in 7 when adding examples to the holistic rubric in IF for both autoraters
(0.536 to 0.585 and 0.470 to 0.578 for GPT and Llama respectively), it is not statistically
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significant.

3.8.2 Decomposition Level

Analytic rubrics do not consistently outperform holistic rubrics in aligning autoraters with
human judgments due to prompt complexity or aggregation methods.

Prompt complexity moderates effects. In Table for AES, under the Arater
condition for essay prompt 1, almost all analytic batch prompts had higher correlation
with humans (7 of 0.464, 0.455, 0.448, 0.439, 0.388) than the full holistic prompt (7 of
0.437). Conversely in essay prompts 4 and 6, the full holistic prompt outperformed most
analytic batch prompts (7 of 0.695 compared to 0.696, 0.677, 0.652, 0.595 and 7 of 0.629
compared to 0.652, 0.608, 0.557, 0.510). This discrepancy may stem from the complexity
of the holistic prompts. Essay prompt 1’s holistic prompt is highly complex, involving
multiple sub-criteria that contain complex decisions, whereas, essay prompts 4 and 6 have
less complex prompts. Introducing analytic rubrics may increase evaluation complexity,
which leads to lower 7.

Aggregation methods influence agreement. Another factor is the prompt’s out-
put. The Pareto dominance aggregation method, a conservative estimate of essay compari-
son, is highly sensitive to disagreements in any single sub-criteria. In IF, both GPT-40 and
Llama performed worse with analytic prompts than with holistic prompts (7 of 0.167 to
0.536 and 0.166 to 0.470). This is surprising, given that IF analytic prompts are considered
task-specific, which should provide more detailed information about the task, potentially
leading to higher agreement. This may be due to the aggregation method used—the ratio of
“yes” to “no” responses—which does not account for the varying weights of sub-criteria in
the overall holistic evaluation. Therefore, holistic preferences, being more straightforward
to calculate, may yield higher performance. Higher human-autorater agreement is not nec-
essarily achieved by decomposing a holistic rubric into several analytic parts, rather it is
more important to understand the complexity of each evaluation measure as well as the
aggregation methods used.

3.8.3 Agreement Level

Both datasets are stratified by human agreement level since human inter-rater agreement
may influence human-autorater agreement.

High human inter-rater agreement is important. On IF holistic rubrics, human-
autorater agreement with the consolidated score was significantly higher when all three
human annotators agreed under all conditions, than if only two or no annotators agreed
with each other. This held for IF analytic rubrics for both the separate and edited condi-
tions, although the batch condition had an increase, it was not significant. For AES holistic
rubrics, a significant increase was only observed for prompt 4, while a non-significant in-
crease was observed for prompt 6. Detailed analyses can be found in Appendix 3.2.
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3.9 Conclusion

This work highlights the importance of understanding the domain, autorater, and rubric
during rubric creation. First, adding examples and context significantly improves human-
autorater agreement in addition to autorater self-agreement, but this is dependent on
the domain and autorater. Second, rubrics that reduce confirmation bias tend to pro-
vide significant improvement for human-autorater agreement. Third, rubric complexity
and aggregation methods across holistic and analytic rubrics influence human-autorater
agreement. Lastly, higher human inter-rater agreement contributes positively to human-
autorater agreement. Practitioners aiming to use autoraters should carefully curate human
annotation data and design rubrics that appropriately address the differences across do-
mains and autoraters. Future work should explore a wider range of domains, autoraters,
and rubrics to develop more comprehensive recommendations.
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Chapter 4

Autoraters for Simulated
Personalized Evaluation

4.1 Introduction

In Chapter a, we began to understand how to use autoraters for dialog evaluation in order
to achieve high alignment with humans. Now in this chapter, we move toward adding an
additional element to the autorater’s prompt, the injection of additional information about
the user, to create personalized autoraters. This chapter focuses on attitude injection,
which would ask a rater to assume an attitude or emotion, and then rate some text. It
is difficult to perform this injection with humans; it is possible to ask someone to behave
as someone else [39], but to simulate both an attitude as well as use the attitude to rate
raises concerns due to there being no way to validate that the attitude and the rating were
“simulated correctly”. Datasets for emotion recognition in a natural setting [41, 139] often
have a large amount of certain emotions but not others. In order to collect additional
evaluation data naturally, it would be difficult to obtain data for some attitudes, but it
may also be unethical to manipulate a participant to feel a negative attitude.

Therefore, we choose to perform this injection in simulation as an indicator for what the
potential of using attitude-based personalized autoraters is. It is also possible to ask LLMs
to behave as humans for human experiments to success [4]. We find in the following work
that simulated negative attitude ratings have more separation with each other and with
simulated positive attitude ratings, which causes us to recommend focusing on negative
attitudes for future work. This could make sense due to a large amount of dialog work
focusing on recovering from errors. This chapter shows that there is potential for using
personalized autoraters with attitude injection, and creates a foundation for additional
work on personalized autoraters.
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4.2 Sensitivity of Automatic Dialog Evaluation with
Simulated Attitudes

4.2.1 Introduction

Users will have different goals, prior assumptions, and experiences when using dialog sys-
tems. Understanding user preferences [83], their receptiveness to persuasive strategies
[160, 182], or algorithmic aversion [84] could lead to improved user experience. Therefore,
current work creates and then uses representations of a user profile to customize system
outputs [100, 193]. The system’s responses are then evaluated with either reference-based
metrics (e.g. BLEU [133]), or reference-free metrics (e.g. USR and FED [120, 121]) which
addresses the one-to-many problem in dialog evaluation. However, these metrics do not
explicitly capture users’ varied preferences for a system response.

The personalization of metrics such as the coherence of a system or the interestingness
of a system output is studied in this work for users with different profiles. For example, a
user who is bored may find system responses less interesting than a user who is satisfied.
This may be an example of the “affect heuristic”, which suggests that depending on the
person and the task that the effect of the affect will differ [6, 1627 ]. With this knowledge,
if a system detects that a user is bored, it may present even more interesting responses to
recapture that user’s attention. However, it may not change its behavior for a user who
is already satisfied. By taking into account these differences, metrics can be structured to
more accurately reflect the performance of a system over a diverse group of users, as found
in production environments. Systems have used user modeling to adapt their outputs if
necessary [21, 77, 102]. This would then inform developers with ways to strengthen the
ability of a system to perform well over all users, and improve overall user satisfaction.

This work uses LLM simulated users to generate and evaluate conversations as an initial
experiment into understanding the sensitivity of automatic personalized evaluation. The
study consists of three models. First, a model is prompted with an attitude, which is
chosen from a generated set of diverse user attitudes. A second model interacts with the
simulated user for open-domain chit-chat and task-oriented conversations. Finally, a third
model is prompted with the user’s attitude to rate the resulting conversation. The results
show that ratings from attitudes grouped by positive and negative sentiments show more
inter-sentiment than intra-sentiment differences, suggesting that sentiment may be enough
to indicate personalization sensitivity. In addition, attitudes with negative sentiment tend
to rate metrics lower than metrics rated with no attitude at all. Further experiments
show that whether users think a system is likeable can be a good place to begin building
personalized metrics that can be tailored to specific users and correlate with overall user
satisfaction.
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4.2.2 Related Work

User-Centric Evaluation

There has been substantial work in user-centric evaluation - focusing on evaluating the
experience of the user instead of other offline metrics - for dialog systems and LLMs in-
cluding recommender systems [82, 89, 210] and in benchmark datasets [180]. Work has
shown that metrics which are made with users in mind may or may not differ from conven-
tional metrics that systems are evaluated with [13, B7]. However, these metrics and their
importance may vary between domains and users, which is shown in this work through
both open-domain and task-oriented conversations.

A user’s attributes can affect how a user rates a conversation, occurring frequently in
the domain of conversation safety. Aroyo et al. [8] and Sap et al. [157] study demographics,
and Wang et al. [179] compares crowd-worker annotations to expert annotations for safety.
Differences in each rater’s background may also contribute to different ratings even if
they share the same set of demographic information [200]. Prior work has shown that
contextual information such as the objects being compared affect the attributes used during
similarity rating [119], which is another aspect of personalized evaluation. Work that does
consider demographic information when providing safety ratings consolidates these ratings
into “safe” and “unsafe” ratings, which removes some of the personalization of evaluation
[135]. Attitudes toward systems such as Alexa can also have a range of differences across
demographics [49]. Even when asking the same question to a question-answering system,
users may have slightly different ideas of relevance [169]. Previous work in cognitive science
has looked at how differences in domain knowledge impact how people reason about physics
problems [29]. Additional work has started to study user-specific classification [189]. This
work begins to explore user attitudes toward the system as one factor in a user’s background
for personalized evaluation.

Recent work has used personas for rating in datasets relating to toxicity detection,
politeness, and irony detection through a combination of Twitter, email, and Reddit. [69]
notes that there are cases where persona injection slightly improves correlation with hu-
mans. Although this work looks at different domains, persona injection is promising for
automatic ratings. Other work [43] notes that “LLM-as-a-personalized-judge” and third-
party human annotators have similar performance on a question-answering dataset.

Emotion-Enhanced States

Additionally, there has been extensive work in psychology and behavioral economics that
suggest a difference in behavior between a normal state and a state enhanced by emotions.
Specifically, [108] mentions that the utility of decisions is affected by “visceral factors”
which includes emotions, and that immediate visceral factors can cause differences “be-
tween the actual and desired value on a particular [activity]”. Supporting empirical results
include the effect after shown negative affect video clips [98], the effect of positive affect on
beverage consumption when shown smiling faces [187], and the effect of emotion state on
various aspects of typing [96]. However, [187] also noted that the ratings that participants
gave to the beverages were not affected by the emotion felt. Other works have discovered a
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difference specifically in rating behavior such as rating faces for similarity [62]. Therefore,
it is important to understand the potential of such behavior difference when injected into
autoraters since current autoraters lack personalization.

Modeling (dynamic) users

Simulated users need to both exhibit patterns in behavior such that conclusions can be
drawn about the population and exhibit variations in behavior to be representative of a
diverse population - the trade-off between bias and variance [24]. Platforms have been built
[75, 110, 150] to try and simulate a diverse set of users by creating changeable parameters
that would alter user simulation behavior. User preferences and interests may also change
as the conversation progresses based on information presented by a system [125, [19§].
Previous work [[70] uses a wide but manageable range of simulated personas and also varies
the user persona within a conversation, which this work follows.

4.2.3 Studying Personalized Evaluation in Dialog

Prior work in Section has shown that user attitude toward a conversation affects how
the user views the system, but previous automatic metrics do not consider user attitude,
and it is important to understand how different users are satisfied. This work studies how
users with various user profiles converse and rate dialog systems in simulation.

Research Questions

This study will show: (1) if automatic evaluation is sensitive to simulated attitudes by
studying the quantitative differences between a simulated rater with and without an atti-
tude, (2) which attitudes’ ratings are separable through studying the quantitative differ-
ences between simulated raters with different attitudes on the same conversation, (3) how
these factors interact in considering user satisfaction through correlating the metrics with
automatically evaluated user satisfaction to discover the potential underlying components
that influence user satisfaction for different users.

Framework

Figure El! shows the framework with three models: the user simulator ( GPT—4OE]), the
system (GPT-40), and the rater (either GPT-40 or Llama-2-70b-chat-hf [172]). Each con-
versation starts with a seed and an initial attitude for the user simulator. The task-oriented
and open-domain conversations are both seeded with 50 utterances. The open domain con-
versations are seeded with Topical-Chat [55] train.json. Using the first utterance in each
conversation, any conversations starters that are labeled as using the knowledge sources
were the only ones considered to avoid any generic starters. Seeds are chosen in a semi-
random method that satisfy the following conditions: does not ask for an opinion, does not
make the other conversation participant sound like a human (ex. “did you watch the game

Thttps://openai.com/index/gpt-4o-system-card/
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Figure 4.1: Task-oriented and open-domain conversations are seeded for the simulated user
and their initial attitude. Static conversations are generated with the user simulator using
the initial attitude throughout the entire conversation, while dynamic conversations are
generated with an attitude selector, which chooses an attitude based on the conversation
history at each turn for the user simulator. The generated conversation is then rated both
on the dialog and turn level, with and without an attitude.

Generated
Conversation

No Attitude
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last night”), contains full sentences, seemingly not using context from the article associated
with the conversation, and not containing any potentially sensitive topics. Seeds are also
chosen such that there is a spread of topics. The task oriented conversations are seeded
by asking GPT-40 to give a list of 50 tasks that someone may want to complete with an
assistant (insert exact prompt) with seed 42. Temperature 0 is not used since the task list
became repetitive. This task is passed as a goal for the user simulator to keep in mind
for the conversation generation. The attitude represents the attitude of the simulated user
toward the system, and consists of 12 attitudes, 6 positive: amusement, curiosity, relief,
satisfaction, trust, engagement, and 6 negative: annoyance, boredom, confusion, disap-
pointment, frustration, and skepticism, following the methodology of [[70]. These attitudes
were automatically chosen from the intersection of attitudes users may have toward open-
domain and task-oriented systems, and defined based on whether the conversation was
open-domain or task-oriented described below. Next, the user simulator takes the seed
and the initial attitude and has a conversation with the system. There are two types of
conversations: static conversations, where the user simulator keeps one attitude through-
out the conversation, and dynamic conversations, where a model chooses an attitude at
every turn based the conversation history. The resulting generated conversation is then
rated on both the turn and dialog level, with the rater model either assuming an attitude,
or not assuming an attitude.

The attitudes for the user simulation are created through the same approach as [70]
using GPT-40. The system prompt is “You are a helpful assistant”, which is the example
given in the OpenAl documentation as the default prompt. GPT-40 is asked to “List
twenty feelings that a user could have when having a conversation with a open-domain
chitchat/task-oriented dialog system.” The prompt is run three times, each with seed 42 and
temperature 0 for the highest probability of reproducibility. The three runs are combined,
where attitudes that occurred in more than 2 runs and attitudes that occurred between
both the task oriented and open domain results are selected, resulting in 12 attitudes.
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With the same seed 42 and temperature 0, the definitions of these attitudes are created
with the prompt “Give a concise definition of a person who has a feeling of while having a
conversation with an open-domain chitchat/task-oriented dialog system.”. The definitions
are edited slightly to remove the text that repeats the prompt at the beginning, and any
third person pronouns are changed to first person pronouns. All other aspects of the
definitions remain the same.

4.2.4 Methodology

Prompts

System Prompt. The system is prompted, in Appendix , to emulate a helpful assis-
tant, and respond concisely in the first person to reduce the verbosity of the system. Each
conversation can then have more turns for the same number of tokens, which would be
better for analyzing both dialog- and turn-level metrics.

Simulated User Prompt. The prompts used are derived from [[f(]. The prompt
varies slightly based on the model and on the type of simulated user - a static user who
does not change their attitude throughout the conversation, and a dynamic user who has
the opportunity to change their attitude at each turn in the conversation. Both static
and dynamic simulated user prompts instruct the LLM to have at least 5 turns in the
conversation but no more than 10, return a special token similar to [70] when the simulated
user feels like the conversation has come to natural end, and be concise in the responses.
Conversations longer than 10 back and forth turns are truncated. For the static user,
the simulated user is asked to exaggerate the given attitude for each turn, and given a
definition for the attitude. The definition was created by asking GPT-40 to “give a concise
definition of a person who has a feeling of [attitude] while having a conversation with
[an open-domain chitchat/a task-oriented| dialog system.” Detailed prompts are found
in Appendices |5.9, , and . For the dynamic user, the simulated user is asked to
exaggerate the given attitude for each turn and given the same definition for the attitude
in the first turn. For each subsequent turn, following [70], the simulated user can choose
any of the 12 attitudes provided as how the simulated user feels for the next turn given
the dialog history to facilitate conversation analysis.

The dynamic conversations are analyzed for attitude changes throughout the conver-
sation to determine what attitudes GPT-40 tended to select for the next turn. In both
open-domain and task-oriented conversations, 0 out of 300 conversations that started with
a positive attitude ended with a negative attitude. However, 149 out of 300 open-domain
conversations and 239 out of 300 task-oriented conversations started with a negative at-
titude and ended with a positive attitude. This indicates that either GPT-40 as a user
simulator tends to select positive attitudes for replies, or that GPT-40 as a dialog system
provides responses that satisfy itself as a user simulator. The difference in the number of
conversations that ended positively could be that if the user simulator has an explicit goal
that the dialog system can complete (as it is prompted to act as if it can), task-oriented
conversations should tend to end positively. Both open-domain and task-oriented con-
versations tend to select the “engagement” attitude most frequently, with open-domain
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conversations selecting it around 4 times more than the next attitude (curiosity) selected.
Explicitly creating more negative conversations is a consideration for future work.

In real conversation, users may have more nuanced attitudes toward a conversation, or
may take a mostly neutral stance as seen in many conversational emotion datasets [139].
However, by not including a neutral attitude, the resulting experiments are guaranteed to
not represent the neutral class, but instead provide insight into the classes of interest that
deviate from the norm. The exaggerated attitudes throughout the conversation provide an
upper bound for this analysis as well.

User Rating

GPT-40 is used to rate the generated conversations on the 10 dialog-level and 8 turn-level
qualities found in Mehri and Eskenazi [120]. Each metric is rated separately by the model
from 1 to 5 to eliminate ordering effect [109] in the rating prompt, seen in Appendix |[5.7.
The user rating uses a seed of 42, temperature 0, maximum returned tokens of 7, and top
log probabilities of 20 for reproducibility purposes.

To retrieve the numerical rating from the LLM, the prompt specifies a return format
of “rating: number” to standardize the responses, hence the maximum returned tokens of
7 to further guarantee the format. The token corresponding to the number is extracted,
and used only if it is in the range of 1 through 5. The top three ratings along with the
corresponding log probabilities are used to calculate the weight of the numerical from
Section §.2.4.

Definitions are created with GPT-40 using seed 42 and temperature 0 with the prompt
“Give a brief definition of what it means for a [open-domain chitchat dialog system,task-
oriented dialog system] to [be , have a response].”

There are two types of ratings performed - ratings with no attitude given, and ratings
with a attitude given. The ratings with no attitude given are similar to [74], where rat-
ings with no attitude given are assumed to be similar to an “average” rating across the
population. For the attitude ratings, the LLM is prompted with the attitude and asked to
rate as if it was feeling the attitude in the current point in the conversation. For the static
ratings, the LLM is prompted with the same attitude. For the dynamic ratings, the LLM
is prompted with the attitude that the user simulation model chose for the next user turn.

The expected rating is calculated based on the top three, when available, log prob-

abilities, similar to [74]: E[r] = %, where p; is the probability derived from the
1=1 7

log-probability and r; is the rating.

4.2.5 Results

SOTOPIA-EVAL’s “believability” metric is used [209] with GPT-4o0, with the mean be-
lievability of the simulated user at 9.01 and the system at 8.92 out of 10, which shows that
the conversations are realistic. To evaluate the believability of the simulated conversation,
SOTOPIA-EVAL’ s “believability” metric is used [209]. SOTOPIA’ s character profiles
are slightly different from the given attitudes, but the metric measures both naturalness
and consistency on a scale from 0 to 10. A high score on this metric would suggest that the
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Figure 4.2: All attitudes rating the same set of open-domain conversations over all dialog-
and turn-level metrics. The number of attitudes (positive or negative) that have signifi-
cantly different ratings from the current attitude for each metric are counted. Each number
represented in the graph corresponds to the counts for one of the metrics. The darker col-
ored bars represent comparisons between that attitude and all positive attitudes, while
the lighter colored bars represent comparisons between that attitude and all negative at-
titudes. The x-axis represents each attitude, and the y-axis represents how many metric
comparisons were statistically significant.

simulated conversations are believable and consistent with the given attitude. The metric
is used with gpt40-08-06, to remain consistent with the current work with seed 42 and
temperature 0. All open-domain and task-oriented generated conversations are analyzed.
The mean believability for the simulated user is 9.0075 with standard deviations ranging
from 0 to 0.463, minimum score of 8 and maximum of 10, while the mean believability
for the system is 8.92 with standard deviations ranging from 0 to 0.890, minimum score
of 5 and maximum of 10. This shows the believability of the conversations and attitudes.
Prompts can be found in Appendix @

Attitudes Rating The Same Conversation

All attitudes are used to rate the same set of conversations on both the dialog and turn
level to fairly compare ratings across attitudes. These conversations are created by not
setting an attitude for the simulated user in the conversation, and both open-domain and
task-oriented conversations are generated using a similar methodology as Figure

Within each metric, a set of paired t-tests are performed across all combinations of
attitudes with a Bonferroni correction of 66. This tests whether attitude ratings are sig-
nificantly different from each other when paired by ratings on each specific conversation.
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amusement | curiosity | engag. | relief ‘ satis. | trust H annoyance | boredom | confusion | disapp. ‘ frustration | skepticism ‘
pos neg | pos mneg | pos mneg|pos neg|pos neg|pos neg| pos neg | pos neg|pos neg | pos mneg | pos neg | pos neg |
OD dialog
coherence 0 5 0 5 0 5 0 5 0 5 0 5 6 2 6 2 [0* 55| 6 3 6 3 6 5%
€ITOr Tecovery 0 5 1 5 3 5 1 5 1 5 2 6 6 3 6 2 1 5% 6 3 6 4 6 5%
consistency 0 2 0 5 0 5 0 3 0 3 0 3 1 5 1 0* 2 3 3 2 6 5%
diversity 2 6 4 5 4 6 4 6 4 6 4 6 6 3 6 4 5 5% 6 3 6 3 6 4
topic depth 3 6 3 6 3 6 3 5 3 5 3 5 6 4 6 4 3 5% | 6 5|6 3 6 5%
likeability 1 6 4 6 0 6 1 6 1 6 1 6 6 4 6 5% 6 5% 6 4 6 4 6 4
understandingness | 0 6 0 6 0 6 0 6 0 6 0 6 6 4 6 5| 6 5%| 6 4 6 5% 6 5%
flexibility 2 5 2 5 2 5 5% 6 4 5 1 5 6 5% 6 3 1 5% 6 3 6 5% 6 3
informativeness 0 5 1 5 0 5 1 5 0 5 2 5 6 3 6 3 0* 5% 6 5% 6 3 6 5%
inquisitiveness 3 5 5% 4 2 5 3 5 4 5 | 5% 6 6 6 4 2 5% 5 4 6 4 5 4
TO dialog
coherence 0 6 0 6 0 6 0 6 0 6 0 6 6 3 6 1 6 3 6 4 6 3 6 5%
€ITOr Tecovery 1 2 5% 4 1 3 1 3 1 2 1 2 1 2 2 2 1 2 6 4 0* 2 6 4
consistency 0 1 0 I 0 4 0 4 0 4 0 4 1 2 6 2 5 2 6 5% | O 2 6 5%
diversity 4 6 4 6 3 6 4 5 2 5 3 6 6 3 6 5% 4 5% 6 3 6 3 6 5%
topic depth 5% 2 5% 4 2 5 2 5 2 5 2 5 5 2 6 3 1 5% | 4 4 5 2 5 2
likeability 4 6 4 6 2 6 2 6 2 6 2 6 6 5% 6 5% 6 5% 6 5% 6 5% 6 5%
understandingness || 0 6 0 6 0 6 0 6 0 6 0 6 6 5% 6 3 6 3 6 3 6 5% 6 5%
flexibility 3 4 5% 6 4 4 3 5 4 5 3 4 3 4 6 5% 3 5% 6 5% 4 4 6 5%
informativeness 2 6 5% 2 5% 6 2 6 2 6 2 6 5 3 5 2 5 3 6 5% 5 2 6 5%
inquisitiveness 4 4 5% 3 2 3 2 3 2 3 3 4 1 3 5 3 2 4 5 3 2 4 5 3
OD turn
interestingness 4 6 4 6 1 6 5% 5% 1 6 6 1 6 5% 6 5% 3 6 4 6 5%
engagingness 4 6 5% 6 3 6 4 6 | 5% 6 3 6 6 5% 6 51 6 5| 6 5% 6 5% 6 5%
specificity 5% 6 4 5 | 5% 6 4 5 | 5% 6 |5 6 6 5% 6 4 4 5% | 6 5|6 4 6 5%
relevance 2 6 2 6 0 6 2 6 2 6 0 6 6 5% 6 5% 6 5% 6 5% 6 5% 6 5%
correctness 0 6 6 1 6 0 6 1 6 0 6 6 4 6 3 6 5% | 6 3 6 4 6 5%
Sem. appropr. 0 6 0 6 0 6 0 6 0 6 0 6 6 2 6 4 6 5% 6 3 6 3 6 5%
understandability 0 6 0 6 0 6 0 6 0 6 0 6 6 5% 6 4 6 5| 6 5% 6 4 6 5%
fluency 0 6 0 6 0 6 0 6 0 6 0 6 6 4 6 4 6 5% 6 4 6 4 6 5%
TO turn
interestingness 3 5 4 6 5% 6 4 6 5% 6 5% 6 6 4 6 5% 5 5% 6 3 6 4 6 5%
engagingness 4 5 4 5 | 5% 6 4 6 4 6 | 5% 6 6 5% 6 5| 4 5| 6 4 6 4 6 5%
specificity 5% 6 5% 6 2 6 3 6 4 6 3 6 6 4 6 1 6 4 6 ! 6 3 6 5%
relevance 1 6 5% 6 1 6 1 6 1 6 1 6 6 3 6 5% 6 5% 6 3 6 3 6 5%
correctness 1 6 5% 5 1 6 1 6 1 6 1 6 6 3 5 5% 6 5% 6 3 6 3 6 5%
Sem. appropr. 1 6 3 6 1 6 0 6 1 6 0 6 6 3 6 5| 6 5| 6 3 6 3 6 5%
understandability || 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 5| 6 5| 6 5%|6 4 6 5%
fluency 0 6 0 6 0 6 0 6 0 6 0 6 6 2 6 5% 6 2 6 2 6 2 6 5%

Table 4.1: Statistical significance for attitudes rating the same conversations, created with
no attitude indicators and rated by GPT-40. OD represents open-domain, TO represents
task-oriented conversations. The positive column represents significant differences between
the given attitude’s ratings and other positive attitudes’ ratings for each metric. The
negative column represents significant differences between the given attitude’s ratings and
other negative attitudes’ ratings for each metric. Bold and starred entries represent entries
that deviate greatly from the observation that positive attitudes are different from all other
negative attitudes and vice versa. The four experimental conditions are outlined on the
left, along with the list of metrics under each condition.

Then, the results are aggregated for each attitude by counting how many positive attitudes
and how many negative attitudes were significantly different across each metric. The open-
domain conversations results are shown in Figure §.2. Each data point in the bar graph
represents the number of counted differences for one metric. Full results can be seen in
Table @

If the ratings from each attitude for each metric can be grouped distinctly, then the
metrics can be used as a basis for a personalized metric. This can be calculated through
intra-class correlation (ICC) with a single-rater, two-way mixed effects model using con-
sistency agreement (ICC3 from Vallat [174] version 0.5.4) and interpreted with guidelines
from [92]. High agreement suggests that a linear transformation exists; however, low agree-
ment can exist for data that is not varied [92]. All ICC scores are significant and calculated
with a 95% confidence interval. All metrics on open-domain conversations have at least
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moderate agreement except for error recovery. The conversations were not explicitly gen-
erated with errors, which may contribute to the low agreement. However, 7 metrics have
poor agreement on task-oriented conversations: coherence, error recovery, consistency,
likeability, understandingness, understandability, and fluency. Most of these metrics suf-
fer from the ceiling effect in both the open-domain and task-oriented conversations, where
the ratings tend toward 5. This indicates that attitudes rating task-oriented conversations
may be less distinguishable.

Some metrics are less suitable for personalization. In open-domain conversations, six
metrics (coherence, understandingness, flexibility, semantic appropriateness, understand-
ability, fluency) have moderate agreement. These metrics have some of the lowest av-
erage ranges (.42 - 1.65) and average standard deviations (.14 - .93), which may result
in lower agreement. Five out of six metrics also experience the ceiling effect for ratings
from positive attitudes seen in Table with low average ranges (.15 - 1.46) and average
standard deviations (.02 - .28), while the average rating is around 5. The metrics with
excellent agreement (topic depth, informativeness, inquisitiveness, interestingness, engag-
ingness, specificity) have high average ranges (2.38 - 3.64) and average standard deviations
(1.37 - 2.25) within all attitude ratings for a metric. For task-oriented conversations, the
metrics with poor agreement with the exception of error recovery have the lowest average
ranges (.3 - .73) and standard deviations (0.08 - 0.32). Coherence, consistency, understand-
ingness, understandability and fluency all have the ceiling effect as well in Table §.3. For
the four metrics with excellent agreement: topic depth, inquisitiveness, interestingness,
and specificity, they have some of the highest average ranges (2.11 - 2.64) and average
standard deviations (1.18 - 1.71).

The overlap between metrics that have both excellent ICC and varied metric ratings
for both open-domain and task-oriented conversations (topic depth, inquisitiveness, inter-
estingness and specificity) suggests that these metrics are potentially good candidates to
use for personalized metrics as long as they can be distinguished from each other.

Apositive attitudes, Anegative attitudes. Across all figures, in Figure for open-
domain conversations, positive attitude ratings have significant differences compared to
other positive attitude ratings and negative attitude ratings have significant differences
compared to other negative attitude ratings as the average differences are all above 0.
Negative attitude ratings tend to have more differences with each other than positive
attitude ratings, which means that they are slightly more separable from each other. Task-
oriented conversation ratings tend to exhibit similar tendencies.

For task-oriented conversations in Figure @, it is interesting to note that for dialog-
level metrics, positive attitude ratings had on average more differences with each other than
open-domain conversations for amusement, curiosity, and engagement, while negative at-
titude ratings had a lower amount of differences with each other for confusion, frustration,
and skepticism. On turn-level metrics, positive attitude ratings had on average more dif-
ferences with each other than open-domain conversations for curiosity, engagement, and
trust, while negative attitude ratings had a lower amount of differences with each other for
annoyance, confusion, disappointment, and frustration. It is also of note that the curiosity
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Dialog-level Metrics
positive attitudes negative attitudes
amusement | curiosity | engag. | relief | satis. trust || annoyance | boredom | confusion | disapp. | frustration | skepticism
coherence 5.0 4.99 4.99 4.99 5.0 5.0 4.83+ 4.81+ 4.97- 4.79+ 4.84+ 4.51+-
€ITOr recovery 4.57 4.52 4.49 4.65 4.63 4.63- 3.6+ 3.71+ 4.47- 3.64+ 3.95+ 2.36+-
consistency 4.99 4.98 4.98 4.99 4.99 4.98 491 4.94 4.93 4.88+ 491 4.73+4-
diversity 3.95- 3.86 3.95- | 4.19- | 4.18 | 4.04- 3.25+ 3.32+ 3.82- 3.13+ 3.19+ 3.07+
topic depth 4.05- 4.07- 4.06- 417 4.19 4.19 3.71+ 3.62+ 4.21- 347+ 3.65+ 3.32+4-
likeability 4.92- 4.88- 491- | 4.95- | 4.98- | 4.91- 4.07+ 3.634- 4.794- 3.84+ 412+ 3.76+
understandingness 4.99- 4.97- 4.99- 4.99- 5.0- 4.99- 4.5+ 4.37+- 4.92+- 4.49+ 4.68+- 4.16+-
flexibility 4.84 4.78 4.85 | 4.94+- 4.9 4.83 4.41+- 417+ 4.84- 4.2+ 4.5+~ 4.09+
informativeness 4.42 4.36 4.42 4.39 4.43 4.46 3.87+ 3.85+ 4.39- 3.7+ 3.86+ 3.59+-
inquisitiveness 4.1 3.49+ 4.08 4.14 3.99 | 4.254- 3.72+ 3.82+ 4.04- 3.44 3.65+ 3.48
Turn-level Metrics
positive attitudes negative attitudes
amusement | curiosity | engag. | relief satis. trust annoyance | boredom | confusion | disapp. | frustration | skepticism

interestingness 4.0- 3.82- 3.97- | 3.91+- | 416+ | 3.85- 3.02+ 2.55+- 3.69-+- 3.06+ 3.08+ 2.89+4-
engagingness 4.69- 4.54+- 4.66- 4.64- | 4.79+- | 4.68- 3.92+- 3.09+- 447+ | 3.784- 3.88+- 3.7+-
specificity 4.49+- 4.34 441+~ | 4.37 | 4.53+- | 4.45+- 3.884- 3.93+ 4.35- 3.844- 3.96+ 3.69+-
relevance 4.97- 4.95- 4.96- 4.95- 4.98- 4.97- 4.514- 4.42+- 4.88+4- | 4.68+- 4.57+- 4.23+-
correctness 4.99- 4.98- 4.98- 4.98- 4.99- 4.98- 4.79+ 4.79+ 4.92+- 4.76+ 4.73+ 4.37+-
sem. appropr. 4.99- 4.98- 4.98- 4.98- 4.99- 4.99- 4.81+ 477+ 4.96+- 4.83+ 4.83+ 4.51+-
understandability 5.0- 5.0- 5.0- 5.0- 5.0- 5.0- 4.864- 4.9+ 4.96+- | 4.84+4- 4.9+ 4.67+-
fluency 5.0- 4.99- 4.99- | 4.99- 5.0- 4.99- 4.88+ 4.92+ 4.974- 4.9+ 4.88+ 4.74-

Table 4.2: All attitude rating the same set of open-domain conversations. “+” signs
indicate that the set of ratings for the attitude on the metric, when compared with each
set of ratings for all positive attitudes, was found significantly different in every case. “-”
signs indicate similarly for the set of ratings when compared with each set of ratings for
all negative attitudes.

attitude ratings for task-oriented conversations are on average different from 3.3 and 3.25
other positive attitudes on the dialog and turn level - higher than the other average differ-
ences that are around 2.3 or below for both open-domain and task-oriented conversations.
This shows that there are some differences between the open-domain and task-oriented
conversations, where positive attitude ratings may be more easily distinguished across the
metrics for task-oriented conversations, and negative attitude ratings may be more easily
distinguished for open-domain conversations.

Positive and negative attitudes being distinguishable from each other exists for task-
oriented conversations as well; however, there are some differences in the intensity of the
trend presented in Table and figure @ At the dialog level, negative attitude ratings
when compared with all positive attitude ratings have on average less differences than the
open-domain conversations (except for confusion), and for positive attitude ratings when
compared with all negative ratings, the same trend occurs. At the turn level, positive
attitude ratings, when compared with negative attitude ratings, and vice versa, all have
average differences of above 5.7, which means that they are able to be distinguished form
a majority of the opposing sentiment attitudes’ ratings.

The means of positive attitude ratings for dialog-level metrics that had significant
differences with each negative ratings are high - for open-domain conversations, between
5.1 and 5.5, and for task-oriented conversations, between 4.6 and 4.9. The turn-level
comparisons for both types of conversations have a small range as well, between 5.75 and
6. There are some surprising results when looking at the difference between each negative
attitude ratings and all positive attitude ratings. All of the negative attitudes have a large
amount of differences except for confusion.
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Dialog-level Metrics
positive attitudes negative attitudes
amusement | curiosity | engag. | relief | satis. trust || annoyance | boredom | confusion | disapp. | frustration | skepticism

coherence 5.0- 5.0- 5.0- 5.0- 5.0- 5.0- 4.9+ 4.85+ 4.93+ 4.81+ 4.92+ 4.114-
€ITor recovery 3.88 3.42+ 387 | 395 | 3.74 3.76 3.81 3.63 3.79 2.67+ 3.55 2.77+
consistency 5.0 4.99 5.0 5.0 5.0 5.0 4.96 497+ 4.98 4.924- 4.96 4.284-
diversity 3.14- 3.11- 3.27- | 3.38 | 3.34 3.28- 2.9+ 2.51+- 3.37- 2.84+ 2.85+ 2.62+4-

topic depth 1.98+ 2.04+ 211 | 211 2.11 2.11 1.9 1.88+ 2.09- 2.0 1.96 1.93
likeability 4.82- 4.83- 4.97- | 498 | 4.99- | 4.99- 4.244- 3.364- 4.544- | 3.944- 4.41+4- 3.514-
understandingness 4.99- 4.98- 4.99- | 4.99- | 5.0- 5.0- 4.79+- 4.69+ 4.68+ 4.66+ 4.85+- 3.964-
flexibility 4.2 3.784- 411 | 4.33 | 4.38 4.27 4.2 3.374- 4.38- 3.96+- 4.12 3.64-
informativeness 4.85- 4.53+ | 4.75+- | 4.83- | 4.85- 4.84- 4.48 4.51 4.62 4.244- 4.49 3.714-

inquisitiveness 3.79 3.42+ 3.83 | 3.89 3.9 3.94 3.86 3.51 3.92 3.47 3.81 3.47

Turn-level Metrics
positive attitudes negative attitudes
amusement | curiosity | engag. | relief | satis. trust || annoyance | boredom | confusion | disapp. | frustration | skepticism

interestingness 2.77 2.65- 314~ | 2.91- | 2.99+- | 3.05+- 2.46+ 2.25+4- 2.86- 2.45+ 2.42+ 2.35+4-
engagingness 4.0 3.99 443+~ | 4.3- | 4.29- | 4.384- 3.64+- 3.144- 4.03- 3.584+ 3.6+ 3.364-
specificity 4.834- 4.664- 4.77- | 4.78- | 4.75- | 4.79- 4.43+ 4.62+ 4.58+ 4.38+ 4.42+ 4.03+-
relevance 4.98- 4.96+- 4.98- | 4.98- | 4.98- 4.98- 4.82+ 4.924- 4.89+- 4.8+ 4.8+ 4.29+-
correctness 4.91- 477+ 4.9- 4.9- | 4.88- 4.88- 4.44+ 4.78- 4.6+- 4.42+ 441+ 3.91+-
sem. appropr. 4.99- 4.98- 4.99- | 4.99- | 4.99- 4.99- 4.83+ 4.94+- 4.91+- 4.82+ 4.81+ 4.19+-
understandability 5.0- 4.99- 5.0- 5.0- 5.0- 5.0- 4.88+ 4.96+- 4.56+- | 4.914- 4.88+ 4.314-
fluency 5.0- 5.0- 5.0- 5.0- 5.0- 5.0- 4.94+4 4.96+4- 4.93+ 4.94+ 4.944 4.514-

Table 4.3: All attitude rating the same set of task-oriented conversations. “4” signs
indicate that the set of ratings for the attitude on the metric, when compared with each
set of ratings for all positive attitudes, was found significantly different in every case. “-”
signs indicate similarly for the set of ratings when compared with each set of ratings for
all negative attitudes.

Abetween positive and negative attitudes. In Figure @ for open-domain conversa-
tions, for both dialog and turn-level metrics, each set of positive attitude ratings is largely
different from most negative attitude ratings, and each set of negative attitude ratings is
largely different from most positive attitude ratings.

Attention to specific attitudes may be needed to accurately calculate most metrics due
to subjectivity. However, it is surprising that relevance and understandability, metrics that
are expected to have static definitions, have significant differences across attitudes. Both
scores are high across all attitudes in Table §.2, but have an average rating of almost 5
on positive attitudes, which may lead to noticeable differences with ratings from negative
attitudes which are not 5. Similar trends occur for fluency, semantic appropriateness,
correctness, and relevance on the turn level, and and understandingness on the dialog
level.

This suggests that significant separation exists between the groups of positive and
negative attitudes when rating the same conversation, with some separation within the
groups. Therefore, given one conversation, it is important to understand both the sentiment
of the user and user’s attitude because the ratings will differ. This also suggests that users
with certain attitudes may require different responses to rate certain metrics highly.

Attitude vs. No Attitude Rating

It is also important to compare automatic personalized metrics with automatic metrics
which use no attitude (“no attitude ratings”), which is how many automatic dialog eval-
uations have been performed to date. Studies have shown a clear difference between no
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Open-domain static conversations, dialog-level metrics

positive attitudes negative attitudes
amusement curiosity engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism
coherence (5.0, 5.0) (5.0,5.0) | (4.99, 4.99) (5.0, 5.0) (5.0, 5.0) (4.98,4.98) || (4.66, 3.89) | (4.95, 4.32) | (5.0, 4.81) | (4.92, 4.29) | (4.88, 4.22) | (4.96, 4.15)
erTor recovery (3.82, 4.42) | (4.64, 4.79) | (3.88, 4.46) | (4.12, 4.74) | (3.79, 4.5) | (3.59, 4.44) | (3.94, 3.23) | (3.69, 3.36) | (4.71, 4.53) | (4.2, 3.53) | (4.2, 3.54) | (4.4, 3.82)
(5.0, 5.0) (5.0, 5.0) (4.98, 4.98) (4.99, 5.0) (5.0, 5.0) (4.97,4.98) | (4.75, 4.29) | (4.99, 4.76) | (5.0, 4.91) | (4.97, 4.52) | (4.95, 4.5) | (4.97, 4.42)
(3.94, 4.13) | (4.81, 4.82) (4.2,4.27) | (3.89, 4.29) | (3.61, 3.88) | (3.52, 3.69) || (3.48, 2.9) | (3.68, 3.02) (4.0, 4.0) (3.72, 2.96) | (3.6, 2.94) | (3.83, 3.39)
topic depth (3.76, 3.7) (4.89, 4.87) (4.18, 4.17) (4.08,4.18) | (3.68, 3.83) | (3.84, 3.94) || (3.2, 2.81) | (2.59, 2.31) | (4.17,4.1) | (3.73, 2.92) | (3.54, 3.02) | (3.75, 2.97)
likeability (4.99, 4.99) (5.0, 5.0) (4.99, 5.0) (4.99, 5.0) (4.99,5.0) | (4.87,4.93) || (3.33,2.5) | (3.57, 2.48) | (4.77, 4.35) | (4.18, 2.96) | (3.62, 2.8) | (3.83, 2.75)
understandingness (5.0, 5.0) 4 .99) (4.99, 5.0) (4.99, 5.0) (5.0, 5.0) (4.95,4.98) | (4.33, 3.22) | (4.58, 3.62) | (4.98, 4.67) | (4.8, 3.74) | (4.61, 3.67) | (4.76, 3.57)
flexibility (4.59, 4.8) | (4.99,4.98) | (4.77,4.85) | (4.64, 4.98) | (4.45, 4.71) | (4.27, 4.48) || (4.25, 3.61) | (4.44, 3.62) | (4.91, 4.75) | (4.61, 3.64) | (4.49, 3.84) | (4.68, 3.82)
informativeness (3.69, 3.8) | (4.88,4.88) | (4.15, 4.27) | (4.0,4.02) | (3.69, 3.87) | (3.84, 4.05) || (3.76, 3.09) | (3.55, 3.07) | (4.82, 4.57) | (3.99, 3.13) | (4.01, 3.33) | (4.4, 3.51)
inquisitiveness (3.16, 3.4) | (4.69, 4.28) | (3.31, 3.66) | (3.2, 3.45) | (2.91, 3.08) | (2.95, 3.27) || (2.74,2.62) | (3.48, 3.17) | (2.54, 3.04) | (3.02, 2.75) | (2.94, 2.74) | (2.4, 2.34)
Open-domain dynamic conversations, dialog-level metrics
positive attitudes negative attitudes
amusement curiosity engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism
coherence (5.0, 5.0) (5.0, 5.0) (5.0, 5.0) (5.0, 5.0) (4.98, 4.98) (0, 0) (4.79, 4.07) | (4.94, 4.23) (0, 0) (4.73,3.75) | (4.94, 4.35) | (4.97, 4.16)
error recovery (4.26, 4 63) (4.62, 4.78) | (4.51, 4.73) | (4.43,4.6) | (4.49, 4.69) (0, 0) (4.08, 3.29) | (3.27, 3.02) (0, 0) (3.61, 2.8) (4.4, 3.74) | (4.53, 3.71)
consistency (5.0, ¢ (5.0, 5. 0) (4.99, 4. ‘)‘)) (5.0, 5.0) (4.99, 4.99) (0, 0) (4.9, 4.42) | (4.98, 4.73) (0, 0) 4.93, 4 (4.98, 4.58) | (4.98, 4.42)
diversity (4‘-194 4 (4 4 (3.71, 3.84) | (4.27, 4.47) (0, 0) (3.61, 2.99) | (3.58, 2.86) (0, 0) (3.61, 2.92) | (4.0, 3.41)
topic depth (3.93, 3 (4.57, 4.53) | (3.59, 3.87) (4.42, 4.43) (0, 0) (3.16, 2.71) | (2.54, 2.24) (0, 0) (3.5, 2.89) (4.0, 3.3)
likeability (5.0,5 (4.98, 4.99) (4.99, 5.0) (4.91, 4.94) (0, 0) (3.68, 2.67) | (3.61, 2.4) (0, 0) (4.2, 3.22) | (4.17, 3.16)
understandingness (5.0, 5 (5.0, 5.0) (5.0, 5.0) (4.97, 4.97) (0, 0) (4.45, 3.39) | (4.51, 3.4) (0, 0) (4.79, 3.86) | (4.85, 3.79)
flexibility (4.95, 4 (4.94, 4.96) (4.24,4.6) | (4.88, 4.96) (0, 0) (4.48, 3.75) | (4.16, 3.38) (0, 0) (4.71, 4.0) | (4.73, 3.91)
informativeness (4.28, 4 (4.7, 4.66) (3.3, 3.37) (4.67, 4.68) (0, 0) (3.91, 3.19) | (3.46, 2.91) (0, 0) (4.16, 3.4) | (4.55, 3.69)
inquisitiveness (3.2, (4.07, 4.32) | (2.69, 2.84) | (3.74, 3.85) (0, 0) (3.07, 2.88) | (3.29, 2.85) (0, 0) (l 88 2. 04) (2.85,2.69) | (2.63,2.62)
Task-oriented static conversations, dialog-level metrics
positive attitudes negative attitudes
amusement engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism
coherence (4.99, 4.98) (4.97, 4.99) (4.99, 5.0) (4.96, 4.98) (5.0, 5.0) (4.96, 4.34) | (4.98, 4.53) | (4.99, 4.49) | (4.84, 4.2) | (4.91, 4.28) | (4.96, 3.97)
€erTor recovery (3.47, 4.23) (3.5, 4.34) | (3.27, 4.37) | (3.18, 4.32) | (3.28, 4.17) || (3.83,3.95) | (3.25, 3.71) | (4.66, 4.33) | (3.38, 3.22) (3.76, 3.7) (3.7, 3.53)
consistency (5.0, 4.99) (4.96, 4.97) (4.99, 5.0) (4.97, 4.96) (5.0, 5.0) (4.98, 4.65) | (4.99, 4.86) | (5.0, 4.85) | (4.93, 4.46) | (4.98, 4.61) | (4.98, 4.26)
diversity (4.48, 4.55) (4.09, 4.15) | (3.62, 3.89) | (3.81, 4.03) | (3.54, 3.64) || (3.16, 2.82) | (2.98, 2.3) | (3.79,3.89) | (3.14, 2.73) | (3.04, 2.67) | (3.32, 2.77)
topic depth (1.95, 2.14) (2.25, 2.46) | (1.91, 2.28) | (2.04, 2.33) | (2.05, 2.41) || (1.74, 1.88) | (1.56, 1.62) | (2.61, 2.89) | (1.91, 2.05) | (1.82, 1.92) | (2.14, 2.26)
likeability (5.0, 5.0) (5.0, 5.0) (5.0, 5.0) (4.96, 5.0) (5.0, 5.0) (3.86, 3.33) | (4.13, 2.89) | (4.86, 4.11) | (3.9, 3.1) | (3.72, 3.18) | (4.17, 3.26)
understandingness || (4.98, 4.¢ 5.0) (4.99, 5.0) (4.96, 5.0) (5.0, 5.0) (4.85, 4.07) | (4.92, 4.24) | (4.97, 4.05) | (4.67, 3.82) | (4.71, 4.0) | (4.89, 3.81)
flexibility (4.92, 4.93) 4.9, 4.86) | (4.71, 4.86) | (4.75, 4.93) | (4.63, 4.77) | (4.47, 3.94) | (4.01, 3.21) | (4.94, 4.55) | (4.26, 3.7) | (4.36, 3.8) | (4.69, 3.97)
informativeness (4.55, 4.65) | (4. 98 4.98) | (4.82,4.86) | (4.67, 4.87) | (4.68, 4.9) | (4.75, 4.86) | (4.47, 3.96) | (4.34, 4.04) | (4.81, 4.19) | (4.2, 3.62) | (4.33, 3.85) | (4.55, 3.78)
inquisitiveness (3.45, 3.53) | (4.65, 4.51) | (3.69, 3.73) | (3.62, 3.84) | (3.37, 3.48) | (3.6, 3.69) (34,352) | (3.41,3.04) | (4.33,4.25) | (3.35, 3.16) | (3.28,3.36) | (3.39, 3.44)
Task-oriented dynamic conversations, dialog-level metrics
positive attitudes negative attitudes
amusement curiosity engag. relief trust annoyance boredom confusion disapp. frustration skepticism
coherence (4.97, (5.0, 5.0) (5.0, 5.0) (4.98,4.99) | (4.94, 4.37) | (5.0, 4.53) (0, 0) (4.99, 4.37) | (4.75, 4.14) | (4.98, 3.84)
error very (3.61, (3.91, 4.52) | (3.8, 4.57) (3 6, 4 36) (3.44, 4.13) | (3.57,3.75) | (3.12, 3.76) (0, 0) (2.09, 3.14) (4.08, 3.67) | (3.61, 3.26)
consistency (4.97, 4 (5.0, 5.0) (5.0, 5.0) (4.98, 4.98) (4.97,4.99) | (4.99, 4.61) | (5.0, 4.88) (0, 0) (5.0, 4.8) (4.7, 4.43) | (5.0, 4.08)
diversity (4.22, 4.23) (4 63 4 42) (4.22,4.2) | (3.31, 3.49) | (3.61, 3.74) | (3.24,3.35) | (3.12, 2.68) | (2.98, 2.21) (0, 0) (2.32,2.24) | (3.51, 2.99) | (3.27, 2.67)
topic depth .24 (4.17,4.12) | (3.19, 3.31) | (1.69, 2.02) | (2.23, 2.47) | (1.91, 2.17) || (1.98, 1.88) (1.69, 1.75) (0, 0) (1.01, 1.09) (2.38,2.34) | (2.15,2.19)
likeability .0, 5. , 5.0) (4.99, 4.99) (4.8,4.83) | (4.95,4.97) | (4.79, 4.9) (3.81, 3.12) | (4.25, 2.88) (0, 0) (3.94,2.99) | (4.04, 3.32) | (4.26, 3.19)
understandingness .99, 4.99) 4.99) (5.0, 5.0) (4.99, 4.99) (4.98, 4.99) (4. J‘J 4. J‘J) (4.87, 4.03) | (4.95, 4.34) (0, 0) (4.97, 3. JJ) (4.75, 3.89) | (4.95, 3.66)
flexibility .91, 4.86) : .89) | (4.88, 4.84) | (4.68, 4.78) | (4.73, 4.84) | (4.5 ) || (4.32, 3.77) | (4.01, 3.12) (0, 0) (3. 33) | (4.38, 3.79) | (4.61, 3.65)
informativeness (4.69, 4.75) | (4.97,4.94) | (4.86,4.89) | (4.84,4.86) | (4.85,4.91) | (4.43,4.59) || (4.46, 3.94) | (4.53, 4.11) (0, 0) (4. 31) | (4.5, 3.92) | (4.48, 3.56)
inquisitiveness (3.67, 3.81) | (4.52, 4.15) | (3.92, 3.94) (3.38, 3.38) | (3.67, 3.72) | (3. 66 3.76) (3.18, 3.17) | (3.45, 2.97) (0, 0) (1. 98 2. 02) (3.42, 3.38) | (3.81, 3.53)

Table 4.4: Ratings for conversations for (no attitude, attitude) on GPT-4o for dialog-level
Pairs of numbers in bold represent statistically significant differences when a
paired t-test is conducted between no attitude ratings and attitude ratings for the same
metric on the same set of conversations.

metrics.
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Open-domain static conversations, turn-level metrics

positive attitudes negative attitudes

amusement curiosity cngag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism

interestingness || (4.16, 4.4) | (4.45, 4.54) | (4.24, 4.46) | (3.98, 4.19) | (4.0, 4.39) | (3.82, 4.01) | (3.33, 2.76) | (3.16, 2.24) | (3.69, 3.67) | (3.62, 2.95) | (3.46, 2.87) | (3.45, 2.86)
engagingness || (4.82, 4.85) | (4.85, 4.82) | (4.81, 4.86) | (4.76, 4.82) | (4.73, 4.89) | (4.65, 4.74) | (4.19, 3.43) | (4.09, 2.68) | (4.51, 4.33) | (4.4, 3.52) | (4.27, 3.47) | (4.22, 3.49)
ity (4.35, 4. 52) (4.76, 4.76) | (4.46, 4. 53) (4 27, 4.34) | (4.19, 4.43) | (4.21, 4.36) | (4.1, 3.56) | (3.78, 3.34) | (4.6, 4.51) | (4.18, 3.61) | (4.16, 3.68) | (4.32, 3.71)

4 X 99, 4.99 L4

(5.0 (4.99, 4.99) (4.99, 4.99) (4.87, 4.0) | (4.9, 4.0) | (4.99, 4.88) | (4.96, 4.27) | (4.91, 4.12) | (4.97, 4.01)
(5.0 (4.98, 4.99) (5.0, 5.0) (4.88, 4.25) | (4.96, 4.48) | (4.98, 4.92) | (4.94, 4.32) | (4.93, 4.26) | (4.95, 4.12)
sem. appropr. (5.0 (5.0, 5.0) 4.99. 4 (5.0, 5.0) (4.91, 4.31) | (4.97, 4.42) | (5.0, 4.94) | (4.98, 4.44) | (4.96, 4.39) | (4.99, 4.19)
understandability || (5.0 (5.0, 5.0) (4.99, 5.0) (5.0, 5.0) (5.0, 5. 0) (4.96, 4.54) | (5.0, 4.79) | (5.0, 4.89) | (4.98, 4.5) | (4.99, 4.62) | (4.99, 4.36)
fluency (5.0, : (5.0, 5.0) (4.99,4.99) | (5.0, 5.0) (5.0,5.0) | (4.98, 4.71) | (5.0, 4.86) | (5.0, 4.96) | (4.98, 4.71) | (4.99, 4.7) | (5.0, 4.47)
Open-domain dynamic conversations, turn-level metrics

positive attitudes negative attitudes

amusement curiosity engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism

interestingness || (4.25, 4.48) | (4.05, 4.24) | (4.15, 4.42) | (3.58, 3.85) | (3.84, 4.3) | (
engagingness || (4.76, 4.84) | (4.64, 4.65) | (4.78, 4.84) | (4.49, 4.62) | (4.63, 4.85) | ( (4.11, 3.34) | (4.07, 2.55) | (4.45, 4.18) | (4.33, 3.49) | (4.16, 3.38) | (4.29, 3.5)
specificity (4.45, 4.64) | (4.52,4.53) | (4.53, 4.61) | (4.2, 4.3) | (4.4, 4.59) | (3.11,3.49) | (3.85, 3.38) | (3.75, 3.26) | (4.3, 4.13) | (4.05, 3.54) | (3.94, 3.43) | (4.33, 3.82)
(
(

) I (312, 2:6) | (3.19, 2.21) | (347, 3.42) | (3.56, 2.93) | (2-99, 2.54) | (3.58, 2.99)

)

)
4.82,4.78) | (4.85, 3.97) | (4.87,3.9) | (4.9,4.5) | (4.91,4.21) | (4.91, 4.1) | (4.97, 4.13)

)

)

relevance (4.97 (4.99, 4.98) (4.98, 4.98) | (4.99, 4.99)
correctness (4.97, 4.99) (4.99, 4.99) (4.98, 4.99) (4.99, 5.0) 4.97, 4.98 (4.89, 4.22) | (4.96, 4.43) | (4.79, 4.65) (4.9, 4.27) | (4.94, 4.2) | (4.96, 4.13)
sem. appropr. (4.99, 5.0) (5.0, 5.0) (4.99, 4.99) (5.0, 5.0) 4.95, 4.98 (4.93, 4.3) | (4.97, 4.39) | (4.9, 4.69) | (4.96, 4.38) | (4.96, 4.37) | (4.99, 4.22)
understandability (4.99, 5.0) 5 (5.0, 5.0) (5.0, 5.0) (5.0, 5.0) (4.99, 4.59) | (5.0, 4.79) | (4.93, 4.77) | (4.95, 4.47) | (4.99, 4.61) | (4.99, 4.39)
fluency (4.99, 4.99) (5.0, 5.0) (5.0, 5.0) (4.99, 4.97) (5.0, 4.75) | (5.0, 4.86) | (4.94, 4.88) | (4.98, 4.66) | (4.99, 4.7) | (4.99, 4.54)

Task-oriented static conversations, turn-level metrics
positive attitudes negative attitudes
amusement curiosity engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism

interestingness || (3.66, 3.8) | (4.08, 4.05) | (3.39, 3.75) | (3.08, 3.34) | (3.32, 3.59) | (3.2, 3.57) | (2.78, 2.6) | (2.47, 2.1) | (3.13, 3.36) | (2.77, 2.52) | (2.72, 2.46) | (3.0, 2.61)
engagingness || (4.54, 4.43) | (4.68, 4.53) | (4.51, 4.61) | (4.38, 4.46) | (4.46, 4.52) | (4.45, 4.55) | (4.16, 3.55) | (3.96, 2.83) | (4.48, 4.12) | (4.05, 3.36) | (4.06, 3.39) | (4.17, 3.28)

specificity (4.64, 4.7) | (4.87, 4.81) | (4.84, 4.84) | (4.72, 4.76) | (4.76, 4.76) | (4.8, 4.83) | (4.69, 4.24) | (4.67, 4.45) | (4.78, 4.48) | (4.64, 4.1) | (4.62, 4.18) | (4.65, 3.96)
relevance (4.94,4.94) | (4.98, 4.95) | (4.99, 4.99) | (4.95,4.95) | (4.96,4.97) | (4.98,4.98) | (4.97, 4.56) | (4.96, 4.8) | (4.98, 4.75) | (4.97, 4.47) | (4.97, 4.52) | (4.92, 4.15)
correctness (4.77, 4.87) | (4.9, 4.86) (4.82, 4.9) | (4.72, 4.85) | (4.79, 4.88) (4.8, 4.9) (4.74, 4.27) | (4.78, 4.7) | (4.91, 4.56) | (4.81, 4.25) | (4.7, 4.17) | (4.47, 3.79)
sem. appropr. (4.97,4.97) | (4.98, 4.96) | (4.98, 4.99) (4.96, 4.97) (4.97, 4.98) (4.98, 4.99) (4.96, 4.52) | (4.97, 4.83) | (4.98, 4.75) | (4.97, 4.45) | (4.96, 4.46) | (4.9, 3.99)
understandability || (4.99, 4.99) | (4.99, 4.97) | (5.0, 5.0) (4.98,4.99) | (4.98, 4.98) (5.0, 5.0) (4.99, 4.6) | (5.0, 4.89) | (4.99, 4.11) | (4.99, 4.59) | (4.98, 4.51) | (4.96, 4.06)
fluency (5.0, 5.0) (5.0, 4.99) (5.0, 5.0) (4.99, 4.99) (4.99, 4.99) (5.0, 5.0) (5.0, 4.8) (5.0, 4.91) | (4.99, 4.81) | (5.0, 4.79) | (4.99, 4.71) | (4.98, 4.4)
Task-oriented dynamic conversations, turn-level metrics
positive attitudes negative attitudes
amusement curiosity engag. relief satis. trust annoyance boredom confusion disapp. frustration skepticism
interestingness || (3.35, 3.51) | (3.35, 3.36) | (3.32, 3.7) | (2.89, 3.09) | (3.16, 3.43) | (2.83, 3.22) | (2.57, 2.4) | (2.43, 2.12) | (2.55, 2.76) | (2.63,24) | (2.78, 2.49) | (2.8, 2.42)
engagingness || (4.42, 4.28) | (4.45, 4.2) | (4.48, 4.6) | (4.23,4.28) | (4.5, 4.5) | (4.28, 4.38) | (3.86, 3.24) | (3.78,2.7) | (3.63,3.53) | (4.02, 52) (4.13, 3.37) | (4.14, 3.2)
specificity (4.56, 4.62) | (4.82, 4.7) | (4.76,4.78) | (4.75,4.78) | (4.76, 4.78) | (4.73, 4.78) | (4.67, 4.21) | (4.72, 4.48) | (3.96, 3.73) | (4. (4.69, 4.18) | (4.67, 3.82)
relevance (4.88,4.85) | (5.0, 4.98) | (4.95,4.96) | (4.94,4.94) | (4.94,4.94) | (4.95,4.94) | (4.94,4.51) | (5.0, 4.82) | (4.45, 4.07) | (5. (4.98, 4.46) | (4.98, 4.06)
correctness (4.78, 4.82) | (4.92, 4.85) | (4.83, 4.88) | (4.53, 4.73) | (4.69, 4.79) | (4.78, 4.84) | (4.74, 4.19) | (4.9, 4.74) | (4.34, 3.86) | (4. (4.74, 4.16) | (4.78, 3.78)
sem. appropr. || (4.96, 4. 93) (5.0, 4.99) | (4.96, 4.98) | (4.91,4.96) | (4.94, 4.96) | (4.97,4.97) | (4.9, 4.45) | (5.0, 4.83) | (4.49,4.2) | (5. (4.96, 4.48) | (4.98, 3.95)
understandability | (- : (4.99, 4.98) | (4.99,4.99) | (4.99,4.99) | (4.99,4.99) | (5.0,5.0) | (4.98,4.58) | (5.0,4.9) | (4.56, 3.61) ( (4.99, 4.49) | (4.99, 4.02)

fluency (5.0,5.0) | (4.99,4.99) | (5.0,4.99) | (4.99,4.99) | (5.0,5.0) | (4.99,4.78) | (5.0, 4.88) | (4.57, 4.36) (5.0, 4.77) | (5.0, 4.31)

Table 4.5: Ratings for conversations for (no attitude, attitude) on GPT-40 for turn-level
metrics. Pairs of numbers in bold represent statistically significant differences when a
paired t-test is conducted between no attitude ratings and attitude ratings for the same
metric on the same set of conversations.
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Figure 4.3: All attitudes rating the same set of task-oriented conversations over all dialog-
and turn-level metrics. The number of attitudes (positive or negative) that have signifi-
cantly different ratings from the current attitude for each metric are counted. Each number
represented in the graph corresponds to the counts for one of the metrics. The darker col-
ored bars represent comparisons between that attitude and all positive attitudes, while
the lighter colored bars represent comparisons between that attitude and all negative at-
titudes. The x-axis represents each attitude, and the y-axis represents how many metric
comparisons were statistically significant.

attitude and negative attitudes on a task [@] Figure Q shows the results of a paired
t-test between the attitude and no attitude ratings for the coherence and interestingness
metrics for static open-domain conversations. Full results are found in Tables and {.5.

Coherence. In Figure @, all positive attitudes have little to no difference in ratings
between the no attitude and attitude ratings. Both the types ratings average to around
5 as seen in Table B.4. This means that it may not be necessary to perform personalized
evaluation on conversations had with positive attitudes for the coherence metric.

However, all the negative attitudes have significant differences in the ratings between
the no attitude and attitude ratings. On average, the no attitude ratings are high, but not
as high as for the positive attitudes (averaging 4.66 - 5). The attitude ratings are around
0.62 lower. Since the ratings are still high, for a deployed system, it may be enough to
know that simulated users with negative attitudes still believe the system is reasonably
coherent.

These results are consistent with the expectation of GPT-40 to output generally co-
herent responses. As seen in Table .2, coherence also saturates around 5 for all positive
attitude ratings on the same conversation. There is some separation between the nega-
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Figure 4.4: Differences between the ratings of the no attitude and attitude ratings calcu-
lated pairwise across all conversations for open-domain conversations in the static case for
coherence and interestingness. The attitudes which have no significant differences between
the no attitude ratings and attitude ratings when a paired t-test is performed have data
points indicated in the lighter color, while attitudes with significant differences are indi-
cated in the darker color.

tive and positive attitudes, but not every negative attitude is different from all positive
attitudes and from each other. This reinforces that the coherence metric may not have as
many benefits from personalized evaluation.

Interestingness. In Figure @, there are more significant differences across the atti-
tudes. All positive attitude ratings are significantly different than the no attitude ratings.
This difference is slight, with the average differences all between 0.09 and 0.39 seen in Ta-
ble #.5. However, the values for both attitude and no attitude ratings do not saturate at 5
with averages from 3.82 to 4.54. Most conversations, when rated by the positive attitude,
will be rated higher than when rated by no attitude. This could suggest that since the
positive attitudes have favorable views toward the dialog system, that they are more likely
to find the same sentence more interesting.

There are still significant differences in all negative attitudes except for confusion. Most
of these differences are similar to the difference seen in the coherence metric ratings, but the
span of average ratings are lower - from an average of 2.24 to 3.69. Negative attitudes tend
to rate conversations lower than the no attitude ratings. This suggests that the negative
attitudes used during the rating affects the ratings given by finding the same sentence less
interesting. In fact, there are no instances in the turn-level metrics where the average of the
negative attitude ratings is higher than the average of the no attitude ratings. Therefore,
although a sentence may be interesting according to a generic automatic evaluation, user
attitudes should be considered for a more accurate assessment of system performance.

Referring to Table @, there are significant differences between each positive attitude
rating and all negative attitude ratings, whereas half of all negative attitude ratings are
significantly different from each other, while all negative attitude ratings are significantly
different from the positive attitude ratings. The average of these metrics also do not satu-
rate around 5 and have a range between 2.55 and 4.16. This suggests that interestingness
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is a metric that can benefit from personalized metrics.

The trends seen in the static conversations are similar to those in the dynamic con-
versations, which are expanded upon in Section {.2.5. Llama-2-70b-chat-hf is also used
to perform the same rating experiments on dialog-level metrics for static conversations in
Section #.2.5, and exhibits similar trends as GPT-4o.

All Metrics

There are two groups to note in the metrics discussed thus far - those that have significant
differences over all negative attitudes and not any positive attitudes, and those that have
significant differences across all attitudes. There are no metrics with no significant differ-
ences over any attitude, and no metrics have significant differences only over all positive
attitudes. This discussion focuses on the trends in the static conversations.

Only error recovery has significant differences over all metrics at the dialog-level for
both open-domain and task-oriented conversations. Tables and reveal that metrics
that tend to saturate at 5 - coherence, consistency, likeability, and understandingness will
have significant differences among all the negative metrics, and none or one of the positive
metrics. Metrics that have large amount of significant differences (more than 8) for open-
domain conversations such as error recovery, diversity, flexibility, informativeness, and
inquisitiveness have slight more or the same significant differences than task-oriented con-
versations. This may be explained by these metrics being more well-defined in task-oriented
conversations, which could cause the metrics to be more similar to the no attitude ratings.
This is most apparent for error recovery, as 5 attitude ratings become non-significant.

It is surprising that correctness is significant across all negative attitudes and one
positive attitude for open-domain conversations on turn-level metrics, but significant across
all attitudes for task-oriented conversations. Looking at the numbers in Table .5, it seems
that correctness saturates around 5 for most no attitude and attitude ratings in the open-
domain conversations, but has slightly lower values, although still very high, for the task-
oriented conversations. There could be a potential for the system to make more mistakes
for task-oriented systems, or for the simulated user to have slightly more variety in ratings,
as the definition corresponds to helping the user complete their task correctly, while the the
definition for the open-domain systems is more related to contextual correctness. Semantic
appropriateness and fluency, while only fully significant across the negative attitudes for
open-domain conversations also saturate around 5 for most no attitude and attitude ratings.
These two metrics do not seem like they would have variations based on the attitude that
is rating, so it is interesting to see these results.

Engagingness is the only metric that is significant across all attitudes for both open-
domain and task-oriented conversations. This is expected as engagingness (and interest-
ingness) would be considered to be more subjective compared to metrics such as fluency.
Engagingness has a wide spread of average ratings, from 2.68 to 4.89, and drastic av-
erage differences, such as for open-domain conversations, the boredom attitude rates at
an average of 2.68, while no attitude rates at an average of 4.09 on the same conversa-
tions. This indicates that engagingness is also a metric that should be considered on the
personalization level.
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Correlation with User Satisfaction

Seen through Sections and , there is a potential to create personalized metrics
for negative attitudes since 1) negative attitude ratings are more distinguishable from each
other and positive attitude ratings which shows the potential for personalization, 2) there
are metrics that exhibit high ICC which could be used for personalized metrics, and 3) there
are many metrics which exhibit differences between not using a attitude to rate and using
a negative attitude to rate, which now accounts for the personalized user experience. With
these insights, there are several simple ways that can be explored to create this personalized
metric. The following experiments are on the open-domain static conversations. Decision
tree regressors (from [137]) are used instead of linear regression to reduce the impact of
correlated features. The metrics are correlated against user satisfaction rated from 1-5 by
GPT-4o, where it is prompted a definition of user satisfaction (found in Appendix @),
where 9 out of 18 metrics are mentioned in the definition. User satisfaction is rated with
an attitude as well. Turn-level metrics are averaged across each conversation.

User satisfaction is rated with and without an attitude. Although there are 2 significant
differences in positive attitudes (satisfaction and trust) between these two ratings, the
average user satisfaction rating is 5. On negative attitudes, there are significantly lower
ratings for user satisfaction rated with an attitude, ranging from 1.75 to 3.77, compared
to without an attitude, ranging from 3.31 to 4.91. Therefore, it is important to consider
user satisfaction with an attitude for automatic rating as well. The following experiments
are only calculated on the negative attitude ratings.

Metrics with high ICC do not necessarily have high positive correlation with user sat-
isfaction when annotated with an attitude. Likeability, which had good ICC, has above
0.76 correlation with user satisfaction for annoyance, confusion, disappointment, frustra-
tion, and skepticism, while most metrics have low correlation with user satisfaction for
boredom, the highest being topic depth with 0.40. For metrics with high ICC, topic depth
and informativeness have correlations above 0.36 for all negative attitudes, while inquisi-
tiveness, interestingness, engagingness, and specificity do not. Therefore, even if a metric
can be distinguished between attitudes, it may not correlate with user satisfaction.

Decision trees return the feature importance and consider every dialog-level and turn-
level metric to calculate which metrics are important to user satisfaction. Likeability
has the highest Gini importance for annoyance, disappointment, and skepticism, while
inquisitiveness is the highest for boredom, coherence is the highest for confusion, and
flexibility is the highest for frustration. Likeability seems to be a large predictor of user
satisfaction, and since it also has good ICC, personalized aggregated metrics can start to
be built off this metric. Prior work has also shown likeability to be the highest indicator
of the overall score out of the dialog-level metrics [120].

Personalization for Dynamic Conversations

The trends seen in the static conversations are similar to those in the dynamic conversa-
tions. The results from the static conversation evaluation are visualized because certain
attitudes are not chosen during the conversations, seen in Table .2. There are settings
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Figure 4.5: All attitudes rating the same set of open-domain and task-oriented conversa-
tions over all dialog-level metrics on Llama. The number of attitudes (positive or nega-
tive) that have significantly different ratings from the current attitude for each metric are
counted. Each number represented in the graph corresponds to the counts for one of the
metrics. The darker colored bars represent comparisons between that attitude and all pos-
itive attitudes, while the lighter colored bars represent comparisons between that attitude
and all negative attitudes. The x-axis represents each attitude, and the y-axis represents
how many metric comparisons were statistically significant.

where the trend has more apparent differences - informativeness across open-domain con-
versations, and semantic appropriateness across task-oriented conversations, both for neg-
ative attitudes. For informativeness, there is one significant difference between attitude
and no attitude ratings for the dynamic conversations for the positive attitudes, whereas
there are significant differences in 4 metrics in the static conversations for both types of
conversations. With more data, the findings from the static conversations will likely stay
similar for the dynamic conversations.

Llama

Previous work has noted Llama [@] has had issues with retaining persona throughout
conversation, and this is taken into consideration when analyzing these results. However,
the persona is only retained across the one turn where the model rates a conversation, so
the degradation in persona may be lessened.

Llama annotations exhibit similar trends as GPT-40 annotations to an even greater
extent. However, a major difference is that Llama ratings, although they do not have
as high of a saturation in metric values as GPT-40, have a lower range of average metric
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amusement | curiosity | engag. | relief | satis. | trust annoyance | boredom | confusion | disapp. | frustration | skepticism ‘
pos  neg ‘ pos  neg ‘ pos  neg ‘ pos neg ‘ pos  neg ‘ pos  neg H pos  neg ‘ pos  neg ‘ pos neg ‘ pos  neg ‘ pos  neg ‘ pos  neg ‘

open-domain dialog
coherence 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5 6 1 6 1 6 1
€ITor recovery 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 2 6 4 6 1 6 1 6 1
consistency 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5% 6 1 6 1 6 1
diversity 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 2 6 5% | 6 1 6 2 6 1
topic depth 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 4 6 5% | 6 2 6 2 6 2
likeability 0 6 0 6 0 6 0 6 0 6 0 6 6 0 6 1 6 2 6 0 6 0 6 1
understandingness 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5% | 6 1 6 1 6 1
flexibility 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5% | 6 1 6 1 6 1
informativeness 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5% 6 1 6 1 6 1
inquisitiveness 0 6 0 6 0 6 0 6 0 6 0 6 6 1 6 1 6 5% | 6 1 6 1 6 1

task-oriented dialog
coherence 5% 6 5% 6 | 5% 6 4 6 4 6 | 5% 6 6 2 6 3 6 1 6 2 6 2 6 4
€erTor recovery 5% 6 5% 6 | 5% 6 4 6 4 6 | 5% 6 6 3 6 3 6 5% | 6 2 6 4 6 5%
consistency 5% 6 5% 6 | 5% 6 | 6 4 5% 6 6 2 6 1 6 2 6 1 6 3 6 5%
diversity 5% 5 5% 5 | 5% 6 | 5% 6 4 6 4 6 6 5% 6 5| 5 »5* 5 5%| 6 5% 6 5%
topic depth 5% 4 5% 5 4 5 | 5% 5 3 5 4 5 5 4 6 5| 2 5% 6 5|5 4 5 5%
likeability 5% 6 5% 5 | 5% 6 3 6 3 6 3 6 6 2 6 5% | 6 2 6 3 5 3 6 5%
understandingness 5% 6 5% 6 5% 6 5% 6 4 6 4 6 6 3 6 4 6 2 6 4 6 4 6 3
flexibility 5% 6 5% 3 | 5% 6 4 6 4 6 | 5% 6 5 4 6 5| 6 5%F| 5 4 5 5% 6 5%
informativeness 5% 6 5% 1 5% 6 4 6 4 6 5% 6 5 3 6 5% 5 2 5 3 5 4 5 5%
inquisitiveness 5% 5 5% 4 3 6 | 5% 6 3 6 3 6 6 4 6 5| 5 5% |5 4 6 4 5 4

Table 4.6: Statistical significance for attitudes rating the same conversations, created with
no attitude indicators and rated by Llama2 70b. The positive column represents significant
differences between the given attitude’s ratings and other positive attitudes’ ratings for
each metric. The negative column represents significant differences between the given
attitude’s ratings and other negative attitudes’ ratings for each metric. Bold and starred
entries represent entries that deviate greatly from the observation that positive attitudes are
different from all other negative attitudes and vice versa. The two experimental conditions
are outlined on the left, along with the list of metrics under each condition.

positive attitudes negative attitudes

amusement | curiosity | engag. | relief | satis. | trust | annoyance | boredom | confusion | disapp. | frustration | skepticism
coherence 4.93- 4.9- 4.93- | 4.91- | 4.94- | 4.92- 4.05+ 4.05+ 4.384- 4.08+ 4.16+ 4.05+
€ITOr Iecovery 4.75- 4.7- 4.72- | 4.73- | 4.78- | 4.74- 4.05+ 3.99+ 4.24+ 4.05+ 4.1+ 4.05+
consistency 4.88- 4.85- 4.87- | 4.86- | 4.88- | 4.87- 4.01+ 4.03+ 4.33+- 4.04+ 411+ 4.03+
diversity 4.73- 4.71- 4.72- | 4.63- | 4.68- | 4.6- 4.01+ 3.93+ 4.22+4- 4.01+ 4.07+ 4.02+
topic depth 4.79- 4.84- 4.81- | 4.75- | 4.8- | 4.76- 3.96+ 3.83+ 4.29+- 4.04+ 4.09+ 4.02+
likeability 4.77- 4.73- 4.74- | 4.72- | 4.75- | 4.67- 3.95+ 3.9+ 4.1+ 3.97+ 4.01+ 3.98+
understandingness 4.91- 4.89- 4.91- | 4.88- | 4.92- | 4.89- 4.06+ 4.02+ 4.37+- 4.06+ 4.13+ 4.03+
flexibility 4.92- 4.91- 4.91- | 4.89- | 4.93- | 4.89- 4.1+ 4.05+ 4.43+- 4.07+ 417+ 4.06+
informativeness 4.89- 4.92- 4.91- | 4.88- | 4.91- | 4.89- 4.09+ 4.02+ 4.5+- 4.1+ 4.19+ 4.07+
inquisitiveness 4.86- 4.9- 4.89- | 4.84- | 4.89- | 4.82- 4.01+ 4.02+ 4.36+4- 4.1+ 417+ 4.07+

Table 4.7: All attitudes rating neutral conversation dialog opendomain, + = significant

across all positive, - = significant across all negative - Llama
positive attitudes negative attitudes
amusement | curiosity | engag. | relief | satis. | trust || annoyance | boredom | confusion | disapp. | frustration | skepticism

coherence 4.87+- 4.824- | 4914 | 4.95- | 4.95- | 4.944- 4.71+ 4.64+ 4.68+ 4.72+4 4.72+ 4.62+
€ITOI recovery 4.74+- 4.644- | 4.784- | 4.89- | 4.88- | 4.86+- 4.42+ 4.46+ 4.52+- 4414 4.39+ 4.33+-
consistency 4.87+- 4.824- | 4.914- | 4.95- | 4.94- | 4.944- 4.73+ 4.744 4.724 4.744 4.76+ 4.66+-
diversity 417+ 4.06+ | 4.37+- | 4.45+4- | 4.41- | 4.42- 4.11+- 3.84+- 4.19- 4.08- 4.12+- 4.014-
topic depth 3.79+ 3.56+ 3.89 | 3.97+ | 3.91 3.93 3.75 3.23+4- 3.93- 3.66+- 3.74 3.57-
likeability 4.39+- 423+ | 4.614- | 4.64- | 4.64- | 4.64- 4.19+ 4.0+~ 417+ 417+ 42 4.1+-
understandingness 4.94- 4.814- | 4.924- | 4.96+- | 4.96- | 4.96- 4.69+ 4.58+ 4.65+ 4.73+ 4.714 4.67+
flexibility 4.51+- 431+ | 4.684- | 4.78- | 4.77- | 475+ 4.3 4.12+4- 4.41+- 4.33 4.36- 4.26+-
informativeness 4.87+- 4.68+ 4.94- | 4.94- | 4.94- | 493+ 4.71 4.55+- 4.72 4.7 4.74 4.65-
inquisitiveness 4.23+ 4.024+ 4.34- | 4.384- | 4.33- | 4.33- 411+ 3.86+- 4.17- 4.07 4.1+ 4.04

Table 4.8: All attitudes rating neutral conversation turn opendomain, + = significant
across all positive, - = significant across all negative - Llama
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Figure 4.6: Differences between the ratings of the no attitude and attitude ratings calcu-
lated pairwise across all conversations for open-domain and task-oriented conversations in
the static case for coherence on Llama. The attitudes which have no significant differences
between the no attitude ratings and attitude ratings when a paired t-test is performed
have data points indicated in the lighter color, while attitudes with significant differences
are indicated in the darker color.

ratings. If an LLM is used for evaluation during the deployment of a dialog system for either
of these tasks, the correlation between human evaluation and these two trends needs to be
considered to choose the appropriate LLM that more closely models human evaluation.

The following experiments are conducted on the dialog-level metrics for open-domain
and task-oriented conversations both created with no attitude and created with static
attitudes.

Attitudes rating the same conversation. Following the same paired t-test and
Bonferroni correction in Section 4.2.5, the visualization of the results is seen in Figure §.5.
The trends seen in Section W.2.5 are even more apparent here - in Figure @., positive
attitude ratings are not distinguishable from each other, and fully distinguishable across
all negative metrics. Ratings from Llama do not have as high of a saturation in metric
values as GPT-40, and have a lower range of average metric ratings, with the average
ratings mostly between 4 and 5. The largest range for any metric and attitude pair for
GPT-40 ratings is 3.90 and the smallest range is 0.01, while the average range across all
open-domain and task-oriented conversations is 1.59. The largest range for any metric and
attitude pair for Llama ratings is 2.80 and the smallest range is 0.22, while the average range
is 0.95. Therefore, although GPT-40 shows less significant differences between attitudes,
it has a wider range of ratings, while Llama shows more significant differences between
attitudes, but has a smaller range of ratings.

Attitudes rating different conversations. Almost all metrics across all conditions
show significant differences between the attitude and no attitude ratings for the majority
of attitudes. It seems that for some metrics that were not statistically different for GPT-
4o ratings, namely coherence (which is shown in Figure {.0, consistency, likeability, and
understandingness for positive attitudes on both open-domain and task-oriented conversa-
tions, Llama ratings provide slightly more separation in many cases between no attitude
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Open-domain static conversations, dialog-level metrics

positive

attitudes

negative

attitudes

amusement

curiosity

engag.

relief

satis.

trust

annoyance

boredom

confusion

disapp.

frustration

skepticism

coherence
CITOr Tecovery
consistency
diversity
topic depth
likeability
understandingness
flexibility

(4.93, 4.97)
(4.75, 4.84)
(4.88, 4.95)
(4.73, 4.83)
(4.79, 4.91)
(4.77, 4.95)
(4.91, 4.96)
(4.92, 4.94)
(4.89, 4.94)
(4.86, 4.91)

(4.05, 3.7)
(4.05, 3.76)
(4.01, 3.72)
(4.01, 3.64)
(3.96, 3.63)
(3.95, 3.43)
(4.06, 3.5)
(4.1, 3.71)
(4.09, 3.64)
(4.01, 3.54)

(4.05, 3.48)
(3.99, 3.36)
(4.03, 3.56)
(3.93, 3.15)
(3.83, 3.2)
(3.9, 2.98)
(4.02, 3.25)
(4.05, 3.41)
(4.02, 3.3)
(4.02, 3.21)

(4.38, 4.02)
(4.24, 4.02)
(4.33, 4.01)
(4.22, 4.04)
(4.29, 4.1)
(4.1, 3.99)
(4.37, 4.01)
(4.43, 4.09)
(4.5, 4.18)
(4.36, 4.09)

(4.9, 4.96)
(4.7, 4.82)
(4.85, 4.93)
(4.71, 4.84)
(4.84, 4.93)
(4.73, 4.93)
(4.89, 4.94)
(4.91, 4.95)
(4.92, 4.97)
(4.9, 4.95)

(4.08, 3.9)
(4.05, 3.91)
(4.04, 3.87)
(4.01, 3.87)
(4.04, 3.93)
(3.97, 3.8)
(4.06, 3.88)
(4.07, 3.91)
(4.1, 3.91)
(4.1, 3.93)

(4.93, 4.98)
(4.72, 4.85)
(4.87, 4.95)
(4.72, 4.84)
(4.81, 4.93)
(4.74, 4.96)
(4.91, 4.96)
(4.91, 4.95)
(4.91, 4.96)
(4.89, 4.93)

(4.16, 3.88)
(4.1, 3.86)
(4.11, 3.87)
(4.07, 3.81)
(4.09, 3.85)
(4.01, 3.69)
(4.13, 3.79)
(4.17, 3.9)
(4.19, 3.85)
(4.17, 3.85)

(4.91, 4.97)
(4.73, 4.87)
(4.86, 4.96)
(4.63, 4.88)
(4.75, 4.92)
(4.72, 4.94)
(4.88, 4.96)
(4.89, 4.96)
(4.88, 4.96)
(4.84, 4.91)

(4.94, 4.99)
(4.78, 4.9)
(4.88, 4.98)
(4.68, 4.84)
(4.8, 4.95)
(4.75, 4.97)
(4.92, 4.98)
(4.93, 4.97)
(4.91, 4.97)
(4.89, 4.94)

(4.05, 3.79)
(4.05, 3.83)
(4.03, 3.8)
(4.02, 3.77)
(4.02, 3.76)
(3.98, 3.62)
(4.03, 3.73)
(4.06, 3.8)
(4.07, 3.68)
(4.07, 3.78)

(4.92, 4.98)
(4.74, 4.87)
(4.87, 4.96)
(4.6, 4.78)
(4.76, 4.92)
(4.67, 4.94)
(4.89, 4.96)
(4.89, 4.95)
(4.89, 4.96)
(4.82, 4.91)

Task-o

riented static conversations, dialog-level metrics

positive

attitudes

negative

attitudes

amusement

curiosity

cngag.

relief

satis.

trust

annoyance

boredom

confusion

disapp.

frustration

skepticism

coherence
€ITOor Tecovery
consistency
diversity
topic depth
likeability
understandingness
flexibility
informativeness
inquisitiveness

(4.8, 4.81)
(4.79, 4.73)
(4.8, 4.78)
(4.55, 4.64)
(4.1, 4.4)
(4.48, 4.74)
(4.89, 4.88)
(4.79, 4.76)
(4.8, 4.78)
(4.51, 4.56)

(4.22, 4.01)
(4.23, 4.0)
(4.26, 4.06)
(3.99, 3.81)
(3.43, 3.52)
(3.97, 3.77)
(4.3, 3.98)
(4.13, 3.92)
(4.22, 4.01)
(3.94, 3.72)

(4.36, 4.0)
(4.26, 3.8)
(4.4, 4.2)
(384, 3.15)
(2-87, 2.56)
(3.97, 3.39)
(4.39, 3.95)
(4.12, 3.72)
(4.23, 3.89)
(3.77, 3.11)

(4.15, 3.98)
(4.25, 4.03)
(4.21, 4.01)
(4.12, 3.97)
(4.08, 3.96)
(4.03, 3.97)
(4.2, 3.95)
(4.24, 4.02)
(4.23, 4.03)
(4.22, 4.06)

(4.9, 4.94)
(4.85, 4.87)
(4.89, 4.92)
(4.83, 4.87)
(4.9, 4.93)
(4.75, 4.89)
(4.93, 4.95
(4.9, 4.91)
(4.93, 4.96)
(4.93, 4.94)

(4.07, 3.86)
(4.11, 3.85)
(4.11, 3.91)
(3.93, 3.66)
(3.66, 3.55)
(3.92, 3.64)
(4.12, 3.84)
(4.05, 3.82)
(4.06, 3.85)
(3.95, 3.72)

(4.89, 4.96)
(4.88, 4.91)
(4.88, 4.95)
(4.58, 4.78)
(4.19, 4.56)
(4.6, 4.92)
(4.94, 4.97)
(4.84, 4.92)
(4.9, 4.97)
(4.64, 4.77)

(4.17, 3.99)
(4.19, 3.98)
(4.21, 4.05)
(3.99, 3.84)
(3.57, 3.63)
(3.97, 3.79)
(4.25, 3.96)
(4.09, 3.94)
(4.17, 4.0)
(3.97, 3.8)

(4.95, 4.99)
(4.95, 4.98)
(4.94, 4.99)
(4.73, 4.92)
(4.24, 4.73)
(4.75, 4.96)
(4.97, 4.99)
(4.93, 4.98)
(4.95, 4.99)
(4.68, 4.85)

(4.94, 4.99)
(4.92, 4.97)
(4.93, 4.99)
(4.67, 4.89)
(4.2, 4.74)
(4.74, 4.97)
(4.96, 4.99)
(4.91, 4.98)
(4.93, 4.99)
(4.66, 4.82)

(4.19, 3.94)
(4.25, 3.97)
(4.25, 4.0)
(4.11, 3.81)
(3.82, 3.69)
(4.0, 3.65)
(4.25, 3.89)
(4.18, 3.98)
(4.22, 3.96)
(4.13, 3.91)

(4.95, 4.98)
(4.96, 4.98)
(4.95, 4.98)
(4.74, 4.9)
(4.27, 4.7)
(4.74, 4.96)
(4.97, 4.99)
(4.92, 4.97)
(4.96, 4.99)
(4.73, 4.83)

Table 4.9: Ratings for conversations for (no attitude, attitude) on Llama2 70b annotations.
Pairs of numbers in bold represent statistically significant differences when a paired t-test
is conducted between no attitude ratings and attitude ratings for the same metric on the
same set of conversations.

and attitude ratings. However, this separation may not be necessary because some metrics
are expected to saturate for positive attitudes as seen in Section .2 5

4.2.6 Conclusion

Throughout this work, there are several axes presented for the study of the sensitivity
of automatic dialog evaluation for personalized evaluation: the model used for automatic
evaluation (GPT-40/Llama), static/dynamic conversations, positive/ negative attitudes,
and ratings informed by an attitude/ratings not informed by an attitude.

There are differences in user-simulated attitude ratings when using either GPT-40 or
Llama to rate conversations, where there is a clearer divide between positive attitudes
and negative attitudes than within each group of attitudes in Section {.2.5. Static and
dynamic conversations exhibit similar trends in different capacities, but there still remain
issues of models choosing positive attitudes when given a choice and reducing the number
of conversations with negative attitudes for generating data for research in Section .

There is less separation between ratings of attitudes with the same sentiment than
attitudes with opposing sentiments on the same conversation, which suggests that it may
be useful to start personalizing a metric by a user’s sentiment. There are also pronounced
differences between ratings informed by attitudes and ratings not informed by attitudes in
Sections @ and @ If metrics are not personalized to a certain degree with a user’s
information, system performance may not be captured holistically. With these two findings,
using traditional prompts for automatic dialog evaluation that do not consider attitude
may not be appropriate for certain dialog evaluations. This is now something important
to consider when continuing to use models for dialog evaluation moving forward. These
personalized metrics can also begin to be a proxy for user satisfaction seen in Section §.2.5.
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Future work could include studying the sensitivity for more types of use cases for
assistants and specialized models for certain use cases. Although automatic evaluation
may suffer from potential misalignment with humans, it opens the door to not only be
a future foundation for possible human studies, but also an alternative that is safe and
efficient.
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Chapter 5

Personalized Evaluation in Real
World Systems

5.1 Introduction

Through the last two chapters, we have seen how autoraters can align with humans in
a closed setting as well as simulate human attitudes for personalized evaluation. In this
chapter, we collect a dataset and perform subsequent analysis to further understand per-
sonalized evaluation in the real world. This dataset will have natural interactions between
humans and personalized, not personalized, and wrongly personalized chatbots through a
range of tasks and human preferences. We will study if autoraters injected with human
preferences can achieve high correlation with first-person ratings from the user such that
autoraters can be used as a better estimate of system performance in the real world. How-
ever, if we use autoraters that are injected with human preferences to estimate system
performance in the real world, the privacy and usage of human data becomes a concern.

5.2 Personalized Evaluation in Natural Interaction

5.2.1 Motivation

Personalized evaluation, used in the context of dialog in this thesis, is the act of injecting
contextual information about the user into an autorater, or providing this information to
an external human rater, to rate a user’s system interaction. The purpose of personalized
evaluation is to obtain higher agreement with the “true” ratings provided by the user,
and to provide developers with more accurate autoraters to assess their dialog systems.
Personalized evaluation can be used for any interactions for both generic and personalized
systems.

It is important to ensure that the contextual information gathered from the user con-
tributes to a statistical increase in task performance - Finck and Biega noted that this is
not necessarily practiced in companies. We might expect that the more we know about
a user, the better a task can be performed, as seen in Padmanabhan et al. using browser
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history to determine user spending. However, sometimes, using personal data may not
improve model predictions for certain groups of people theoretically [124] and empirically
[166], which would cause more harm toward users. Other work has introduced “participa-
tory systems” [85], in which users can choose to share personal data for classification tasks
to determine whether that would improve the predictions by the model.

Related issues with data collection include the legality of “excessive data collection”,
[148], and its risks [101]. Europe already has privacy rules regarding “purpose limitation”
(limiting data collected to that which has a “legitimate purpose”) and "data minimisation”
(only collecting data that is needed for the legitimate purpose) [L, 47]. To combat this,
some work has looked at optimizing how much data is necessary to complete tasks [[113].
There are also issues with companies collecting and using users’ sensitive data [164], as
well as users not knowing their data is being collected [57, [126].

Our dataset and subsequent analysis, which studies personalized evaluation, will show
quantitatively whether collecting user preference data will improve system evaluation for
developers, and therefore whether this data should be collected.

Users have different goals, prior assumptions, and prior experiences in using dialogue
systems [52], which can affect how they use or engage with these systems in the future.
Understanding user preferences [83] could lead to improved user experience; thus, current
work creates and uses representations of user profiles to customize system outputs [100,
193]. The system’s responses are then evaluated by the users themselves or an external
human annotator. There has been some work on emotion annotation in a debate study
with all three perspectives which shows that emotion perception varies [134]; however,
rarely are system responses rated by both the users and external human annotators.

It is important to understand in a statistical context how different users rate from ex-
ternal human annotators. Evaluation of systems now mostly consist of human raters who
have no knowledge of the user except for any explicit information that can be obtained from
the conversation itself. It has been shown that contextual information impacts evaluation
[43, [114]; however, human annotators may also introduce inter-rater disagreement depend-
ing on the evaluation criteria. Issues of systematic variance (rater bias for reasons such as
societal norms) or random variance (for example measurement discrepancies) [76] are also
present that can affect human ratings. In our work, we look toward minimizing random
variance, while systematic variance is less of a concern because we concern ourselves with
what is directly observable. The human annotations may also not be the “true” rating
for the user interactions - as mentioned in Section R.2.1. There is a shift toward using
autoraters for this task, and it has been shown that correlating autoraters to non-fully
agreeing human_ratings performs statistically worse than to fully agreeing human ratings
seen in Section B.3.

Therefore, understanding the differences between user and external human annotations
on the same task is important. If human ratings are not statistically different than internal
user ratings, then we can confidently ofload annotation to human raters. If human ratings
are statistically different than user ratings, then to accurately evaluate systems, there
should be more of a reliance on user ratings. However, the load on the user while they are
a conversational participant tends to be great, and evaluation is typically constrained to
thumbs up and down (seen in ChatGPT) or other minimally intrusive but broad signals
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(like feedback questions during the conversation [42, 65]). Dialog adds in an additional
interactive component as compared to other tasks like QA which could heighten these
differences.

We hypothesize that user preferences can affect the evaluation itself, as a user who
prefers chatbot empathy may choose to use an empathetic chatbot over a non-empathetic
chatbot, even if its task performance is lower. By understanding a user’s preferences,
whether through explicit prompting or implicit assumption, we can detect how much of
their evaluation was influenced by their preferences. External human annotators may not
have the same preferences as the user as mentioned in Section 2.2.1], and with many datasets
[120] consisting of human annotations, the true system performance may not be captured.
For example, a user who is feeling negatively about a system due to the system’s lack
of empathy may rate differently than a human annotator who is purely looking at task
performance. The system’s responses may also look to be performing well on objective
metrics because they are fluent and contain the information the user asked for. Therefore,
it would be important to know whether the ratings from the user are a consequence of
their preferences or of the system’s actual performance.

In this work, we collect a dialog dataset which includes user, external human, and
autorater annotations. Additionally, we vary the user’s preferences for systems across
the empathy and sociability axes, the tasks, and the personalization of the system to
determine if there are statistical differences. We determine that personalized evaluation
provides improvement on the agreement between user and external human ratings, and
between external human and autorater annotations, but that perception of system style
still plays a big role in the efficacy for personalized evaluation.

5.2.2 Analytical Model

The analytical model of the world that contains our experiments consists of 4 factors:
information about a user’s preferences, the two systems that the user are interacting with,
the task that the user is using the system for, and the ratings collected for each conversation
between the participant and each system. This world view will assist us in determining
whether collecting user preferences for personalized evaluation will provide us with a more
accurate view on system performance.

User Preferences

User preferences can consist of stylistic preferences (ex. how much more information the
system provides than that necessary to answer the user’s query [122]) or of task-specific
preferences (ex. specifications for food quality for restaurant booking [[7]). We will be
focusing on stylistic preferences for this work. Study participants having the conversation
with the systems will henceforth be referred to as “users”.
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User Preferences
(UP)

eempathy/sociability
Task
info seeking/writing
Personalized System \Wrongly Personalized
P) System (WP)
Conversationp Conversationyp
User rating Human .
annotator rating

Human annotator .
. Autorater ratingp
ratingyp Autorater rating

Figure 5.1: Analytical model of the study

System

Users have many systems, similar to ChatGPT, that they can interact with. We define a
system here as an agent with which a user can communicate with in natural language.

Tasks

We define tasks as a goal that a user may have when interacting with a system. The
user may have no goal as for chit-chat bots, or may have a specific goal such as figuring
out what the weather is today for task-oriented bots. Depending on the task, users may
interact with or value different aspects of the system more than others.

Ratings

After a user has a conversation with both systems for some task, the conversations are rated
by the user themselves, human annotators and autoraters without user preference knowl-
edge, and human annotators and autoraters with user preference knowledge. If human
annotators and autoraters without knowledge of the user preferences can within statistical
bounds determine a system’s performance, then it is not necessary to collect and inject
user preferences for personalized evaluation. Human annotators will be henceforth referred
to as “human raters” with and without knowledge, and autoraters will be referred to as
“autoraters” with and without knowledge.
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5.2.3 Hypotheses

Through our dataset collection and subsequent analysis we aim to study our main hypoth-
esis:

Hypothesis. Personalized evaluation, referenced in Section as the act of providing
contextual information about the user to a human rater or autorater, provides significant
improvements on rating agreements for a dialog interaction as compared to when human
raters or autoraters are not provided with contextual information about the user’s prefer-
ences.

We evaluate this through two different pieces of contextual information, user preferences
for empathetic system responses, and user preferences for sociable system responses. We
also vary the goal of the dialog interaction, information seeking or writing, for a total of
4 conditions across contextual information and dialog goal. We selected these because
empathy and sociability have been studied for dialog systems [35, 177], and information
seeking and writing are frequent goals for users [26)].

We note that our setup is also a methodological contribution for testing the efficacy of
personalized evaluation in a realistic but constrained setting by varying both contextual
information and dialog goal.

5.2.4 Experiment Parameters
User Preferences

To determine a user’s preference for system style, we provide users with system response A
(prompted to follow the user’s preferences), and system response B (prompted to explicitly
not follow the user’s preferences). This mimics the interaction that the user will have with
the following systems. This is to prevent the interaction having a different style than
what the user expects during preference elicitation. We also choose to show a single turn
of conversation (one system turn, one user turn) for preference elicitation to show four
comparisons for tasks, similar to that which they would complete for the interaction, to
each user in a short time period. We use the four comparisons to stratify our data into
three groups: participants who had no preference (evenly split between liking the style or
not), participants who had a majority preference, and participants who always preferred
one style over the other. In addition, by random chance, it is possible for these groups to
consist of 37.5%, 50%, and 12.5% of the participants, which provides enough participants
to stratify the data for further analysis.

In particular, we focus on user preferences for empathy and sociability in dialog systems.
We choose definitions for empathy and sociability that were created specifically in the
context of dialog systems, and that had straightforward instructions for a system (LLM)
to follow: concretely, the mention of specific types of words or styles that could be manually
verified.

Our definition of empathy comes from Concannon and Tomalin, through their Empathy
Scale for Human-Computer Communication. This scale was made with empathy perception
in mind. It is especially useful for empathy elicitation because the descriptions of the
facets of empathy contained information about how to show empathy to another party.
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In particular, we choose three facets of empathy: “concern”, “resonate or acknowledge
interlocutor feelings”, and “warmth”. These facets cover the four categories of empathy
that Concannon and Tomalin mentioned. We directly take the item descriptions with
slight modifications to wording instead of directly prompting for the blanket concept of
“empathy”.

For sociability, we use the definitions present in Volkel et all. Volkel et al. created low,
rather high, and high levels of a “social-entertaining” personality through focus groups
when enacting dialog scenarios. We choose to use the facets present in the “rather-high
level” because the “high level” seemed to have excessive humor and anthropomorphism. In
addition, Volkel et al. mentioned that people tended to prefer the “rather-high” level over
the “high” level. Prompts for both empathy and sociability are provided in Appendix IE

System

The system will either be personalized (prompted with the participant’s stylistic prefer-
ences), or wrongly personalized (prompted with the opposite of the participant’s stylistic
preferences). There should be a difference in ratings based on the user’s preferences if the
user has strong preferences. The user will speak to both systems about the same task, but
they are given the liberty to change the details of the task if they choose so, in order for
the task to be less monotonous.

Tasks

A participant will perform one of two tasks: information seeking and writing. These
categories were obtained from Chatterji et all, as two of the three top used conversational
categories. The information seeking task will be the user asking to for information to buy
an electronic appliance, while the writing task will be the user asking for help writing a piece
of communication to someone because they got into an argument with them. Prompts are
provided in Appendix . These tasks are chosen because there is some spread in Volkel
et al| for what people preferred for their scenarios of texting and playing music. This is
meant to mirror what users may talk about in real life, supported by the real ChatGPT
data from Chatterji et al..

Rating

All questions we ask the user will be preference questions between the systems the user
interacted with during the study. We choose preference questions because numerical scales
for human raters may not provide accurate ratings for comparison due to distributional
shifts as referenced in Section B.6, and we are directly comparing two systems.

Users and raters are asked about overall satisfaction [40], conversational enjoyment [48],
systems’ ease of use [48], systems’ ability to complete the task [48], the future use of the
systems [48], empathy/sociability of the systems, and if the systems understood the user
[48]. For the empathy/sociability of the systems and if the systems understood the user,
we also ask how important it is to the user that the system exhibited that trait. Each of
these questions is on a two-stage Likert scale [B, 112] in order to determine the magnitude
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of preference, with the first question being whether they preferred system A or system B,
and the second being for magnitude of preference. This captures all possible outputs by
a user - not feeling strongly about their preference would indicate a tie no matter which
system they picked.

We recognize that there are a plethora of metrics that are appropriate for these tasks,
and our chosen metrics are only a subset of all possible metrics, but we choose these metrics
as a representative subset of important metrics. Our metrics fall under three categories:
extrinsic subjective metrics, more objective intrinsic metrics, and metrics that are related
to perception of the specific system style we aim to emulate. The extrinsic subjective
metrics include overall satisfaction, conversational enjoyment, ease of use, and future use
of the system. The more objective intrinsic metrics include task completion ability, and if
the systems understood the user. Lastly, the perception questions are whether or not the
user could distinguish that systems were either more empathetic or sociable. The more
objective metrics are used to obtain a baseline of variance within user ratings to determine
whether the spread of the subjective metrics could be attributed to random variance or
to a significant difference between raters. The perception of the specific system style is to
further check if users remain consistent across their preferences and their interaction.

In addition, if there are any disagreements from the user between overall satisfaction
and either empathy/sociability or the system understanding the user, we ask an addi-
tional question to confirm whether the user was satisfied with the system even though it
had less empathy /sociability or understanding. We assume people who prefer empathetic
chatbots will prefer the empathetic chatbot better and vice versa, but we still want to
understand users’ true preferences if there is misalignment between their preferences and
overall satisfaction.

After the conversations are collected, we ask human raters to rate the conversations in
the same format that the user ratings were collected.

5.2.5 Dataset Collection Methodology

Our dataset is collected in two main stages: the interaction stage and the annotation stage.
Participants are drawn from Amazon Mechanical Turk.

Interaction Stage. First, each participant in this stage are asked to a set of pre-
interaction questions. This includes the Ten Item Personality Measure (TIPI) [56], along
with questions about how participants already interact with generative Al chatbots, which
together indicates their attitude toward chatbots. This includes ease of use [38], usefulness
[B8] for information-seeking and writing tasks, frequency of use [38], and the early adoption
of AT [118, 149]. The reason why we focus on these pre-interaction questions of pre-existing
participant attitude and personality is because both the person as well as the situation they
are in will affect their future ratings [51, 94].

Next, each participant is given the system style survey explained in Section , which
we refer to as the empathy condition or the sociability condition. Based on their preference,
they will interact with two systems as explained in Section . These systems are
randomly swapped for each participant such that recency bias effects are mitigated. After
the conversations, the participant will rate the conversation as explained in Section p.2.4.
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The person who interacted with the systems has a certain set of preferences.
Take a minute to read the preferences below, and take this set of preferences

into consideration when answering the following questions.

You do not like it when systems are social with you: you DO NOT like it
when a system incorporates small talk into the conversation, you DO
NOT like it when a system incorporates funny comments into the
conversation, you DO NOT like it when a system uses more filler
words and descriptive, unnecessary adjectives into the conversation,
you DO NOT like it when a system makes it clear that they are
enjoying the conversation with you.

Figure 5.2: Preferences shown to human annotator.

Overall satisfaction is presented as the first question after the participant finishes the dialog.
Participants will then answer the remaining questions in order for overall satisfaction to
not be primed by the other questions. Additionally, we can extract other features from the
conversation that can contribute to a participant’s satisfaction, so it is more important to
obtain an unbiased user satisfaction evaluation.

Annotation Stage. Each rater in this stage is asked the same set of pre-interaction
questions, and given the same rating questions as the interaction stage participants. The
human raters will either be given or not given the system style preferences of the user whose
conversation they are rating, which we refer to as having context or not having context.
The preferences given to these human raters will be the definitions of the preferences along
with an example of the preference survey that the user saw and rated according to their

preference, example shown in Figure p.5. Since we are including users who do not have
consistent preferences in our data, we provide human raters with the definitions for more
context, example shown in Figure 5.3. The human raters who are given these preferences

will be asked to rate the conversations as if they have the same preferences. The human
raters not given preferences will rate without additional instruction. Human raters are also
presented with two attention checks throughout the survey.

We use preliminary data from about 11 participants, then full conversations from 100
participants, then annotations from 600 participants. The 100 participants are split evenly
into four groups, information seeking (info-seek) with the empathy condition, info-seeking
with the sociability condition, writing with the empathy condition, and writing on the
sociability condition, with 75 human raters with, and 75 human raters without context in
each condition.
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You:

i want some help with buying a new blender but i don't know where to

start

Preferred System

Blenders can be confusing to
shop for, so we’ll keep this
simple and only cover four
things:

Use case: smoothies, soups, nut
butter, crushed ice, protein
shakes, baby food?

Power: do you want “handles ice
easily” or just “basic blending”?
Budget: what’s your comfy max
price?

Must-haves: big jar, single-serve
cups, quiet-ish, dishwasher-safe,
small footprint?

Reply with quick answers and
we’ll narrow it down fast and
pick a shortlist for you to start.

NOT Preferred System

71

Absolutely—blenders are
weirdly exciting, and I’'m
genuinely having fun helping
you kick this off. Let’s keep it
super simple and only cover four
things:

Use case: smoothies, soups, nut
butter, crushed ice, protein
shakes, baby food?

Power: do you want “handles ice
easily” or just “basic blending”?
Budget: what’s your comfy max
price?

Must-haves: big jar, single-serve
cups, quiet-ish, dishwasher-safe,
small footprint?

Reply with quick answers and
we’ll narrow it down fast.

Figure 5.3: Example of system response preference shown to human annotator.



5.2.6 Analysis

To test our hypotheses, we use Cohen’s quadratic weighted x (QWK). First, we convert
any two-stage Likert scale questions into a 1 through 7 scale, where 1 refers to preferring a
non-empathetic or non-sociable system, 4 refers to a tie between both systems, and 7 refers
to preferring an empathetic or sociable system. This gives us an ordinal scale of how much
someone would prefer the empathetic or sociable system. QWK is chosen because the scale
between the numbers may not be consistent for each rater and we want to penalize raters
based on distance to the user rating. Bonferroni corrections are applied where appropriate.
Bootstrapping with 10000 resamples and seed 42 is performed across each comparison for
significance testing.

5.2.7 Results
Dataset Statistics

Users and human raters have similar positive-leaning attitudes toward chatbots
across both tasks. We can see through Figure that the majority of users and human
raters, which we refer to collectively as participants, have positive-leaning attitudes toward
chatbots. Participants agreed that chatbots were easy to use, found chatbots useful for
both the info-seeking and writing tasks, used chatbots at least a few times a week, and
would mostly adopt chatbots early. We see that the distribution across these four aspects
of attitude toward chatbots is largely mirrored across the users and both sets of human
raters. There is a slight mismatch on the writing task on the empathy condition, where
most users use chatbots more frequently than the human raters, and on both tasks where
users have a higher adoption rate than the raters. However, there is no large skew toward
the lower end of the distribution in either case. As mentioned in Sections and ,
participant attitude toward chatbots can how participants interact with and rate their
interactions with chatbots. Although a confounding factor in ratings could be human
raters’ own preferences for system interaction, human raters’ attitudes toward chatbots
should have a minimal effect on rating variability with user ratings.

Users prefer empathetic system responses but prefer non-social system re-
sponses across both tasks. We note the distribution of preferences for system style, as
explained in Section , across the users in Figure p.§. Most users were either inconsis-
tent in their preferences for empathetic system responses, or tended to prefer more of the
empathetic system responses. The majority of the users tend to prefer none of the sociable
system responses. It is interesting that these preferences do not vary across the info-seeking
and writing tasks, as the info-seeking task was designed to evoke less preferences for system
style, whereas the writing task was designed to evoke more situations where empathy would
be preferred. However, it is also of note that these preferences do vary across system style.
Both system styles shown in Section 5.2.5 mostly inject the system style into the preamble
before providing the relevant information in body of the system response, but the text in
the preamble seems to matter to users even if the amount of information provided in the
body of the system responses remains the same, seen in Figure p.3. However, due to the
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Figure 5.4: Heatmap showing the normalized distributions of our study participants (users
and human raters), over our four questions related to participant attitude toward chatbots
for the empathy and sociability conditions.
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writing
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Figure 5.5: Heatmap showing the distribution of preferences across our user data from 0
as not preferring empathetic or sociable systems at all to 4 as preferring empathetic or
sociable systems in all cases.

distribution of system response preference across both conditions, we are able to explore
conversations where users both prefer and not prefer a specific system style.

Personalized Evaluation Aligns Human Raters, but Not Always Autoraters,
with the User

Across both system styles and tasks, providing the contextual information about user
preferences always aligns human raters more with the user ratings, while autoraters do not
always benefit from this information. We conclude that our hypothesis is supported for
human raters but not autoraters. However, we note that autoraters tend to align more
with user ratings than the human raters.

Human Raters. Providing context improves user-human rater agreement with QWK
significantly in 5 out of 7 metrics in info-seeking on the empathy condition and both tasks
on the sociability condition, and 6 out of 7 metrics in writing on the empathy condition, as
seen in Table p.1. In 7 out of 14 comparisons over both tasks on the empathy condition and
6 out of 14 comparisons over both tasks on the sociability condition, QWK becomes positive
when context is given to the human raters. This shows that human raters almost always
benefit from the additional context of the user’s preference for system style. It is interesting
to see that in both tasks in the empathy condition, and for info-seeking in the sociability
condition, that providing the preference decreases the agreement between users and human
raters. This suggests that providing the definitions of empathy and sociability may interfere
negatively with human raters’ preconceived perception of empathy and sociability.

Autoraters. Providing context does not always improve user-autorater agreement;
instead, it is task dependent. For the info-seeking task, GPT improved significantly with
context in 6 out of 7 metrics for the empathy condition and 5 out of 7 metrics for the
sociability condition, while Llama improved significantly with context in 7 out of 7 metrics
for both conditions. However, in the writing task, both autoraters improved significantly
without context on the empathy condition over all metrics, and GP'T improved significantly
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empathy sociability
metric rater info seek \ writing info seek \ writing
context
v X v/ X v/ X v X
= , g | human 02217 | —0.314 | 0.240T | —0.145 | 0.1157 | —0.135 | —0.119 | 0.010T
5% £ | GPT | 0337 0.158 0.076 | 0.379" | 0.2317 0.208 | 0.302T 0.008
& #& | Llama | 0.5177 | 0.327 | —0.131 | 0.214T7 | 0.334T 0.057 | 0.3517 | 0.326
., % [ human [ —0.060 —0.009T | 0.379T | —0.243 | 0.279T | —0.126 | 0.299T | 0.273
Z 22| GPT | 0.421T | 0.403 | 0.110 | 0.368" | 0.137 0.145 | 0.204T | —0.099
~ 8 % | Llama | 0.372T 0.202 | —0.221 | —0.191T | 0.197T 0.004 0.221 | 0.4477
g A human | 0.096 | 0.208T | —0.107 | 0.0537 | —0.101 | —0.084T [ 0.107T [ 0.023
2% E‘ GPT 0.024 0.024 0.084 | 0.1877 [ —0.041T | -0.059 | —0.085 | 0.0477
£2 7 [ Llama | 0.085T | —0.013 | —0.099 | 0.2297 | 0.056" | —0.083 | —0.058 | —0.018T
2 . | human | 0.1497 0.004 [ 0.1917 [ —0.165 | 0.0667 | —0.274 | 0.267T | —0.011
.% g GPT 0.299T 0.074 | —0.017 | 0.3237 | 0.2617 0.100 | 0.276T | —0.032
© Llama | 0.308" | —0.006 | —0.099 | —0.041T | 0.287" 0.084 0.353 | 0.478T
@ human | —0.283T [ —0.393 | 0.1727 [ 0.009 0.1717 | —0.048 | 0.120" 0.069
= § GPT 0.2687 0.221 | —0.064 | 0.4127 | 0.286 | 0.344T | 0.2257 | —0.153
& Llama | 0.4527 0.108 | —0.187 | 0.195T 0.2747 0.214 | 0.288T | 0.286
0 o - | human [ —0.021T [ —0.140 | 0.095T | —0.163 [ 0.013 | 0.034T [ 0.126" | —0.046
=< 8| GPT | 04717 [ 0210 | 0.147 | 0.318" | 0.1957 | 0.134 [ 0.2387 | 0.086
& 3 @ [ Llama | 0.5577 | 0.329 | —0.308 | 0.1697 | 0.2207 0.103 0.265 | 0.2737
= human | 0.0477 [ —0.071 | 0.157" [ —0.021 | 0.1357 | 0.079 | 0.061 | 0.178"
¢ % | GPT [ 02777 [ —0.015 [ —0.035 | 0.324T | 0.171T | —0.006 | 0214 | 0.214
g Llama | 0.324T | 0.056 | —0.167 | 0.167T 0.1147 0.055 0.318 | 0.3687

Table 5.1: This is comparing between the same rater, with and without context. The
reported numbers are the Cohen’s weighted x between the user ratings and the rater. 1
represents which rating between with context and without context was significantly higher
when comparing the bootstrapped distributions. Bold represents which rater out of human,
GPT, or Llama performs significantly the best out of the three when keeping the context or
lack thereof the same over the bootstrapped distributions. All comparisons between human,
GPT, and Llama are significant with the exception of human/Llama without context with
the enjoyment metric on the info-seeking task in the empathy condition (0.004, -0.006),
GPT/Llama without context with the empathy metric on the writing task in the empathy
condition (0.187, 0.229), and GPT/Llama with context with the sociability metric on the
writing task in the sociability condition (-0.085, -0.058).

with context in 5 out of 7 metrics, while Llama improved significantly with context in 2 out
of 7 metrics. It seems that providing context interferes negatively for the writing task in
most cases. We note that based on our preference examples during preference elicitation,
empathy and sociability is mostly contained within the precursor to the model information
because we prompted the models to keep the information the same across system responses
with and without our condition. The autoraters could be making a judgment based on
the empathy or sociability in the writing text itself - which could vary between the two
systems the raters are judging between.
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Autoraters agree with users more than human raters. Although humans always
benefit from this additional context, autoraters still agree with user ratings more than
human raters. In Table p.1|, if we observe the highest QWK for each metric on each task
regardless of context provided, we see that in the empathy condition, with the exception
of empathy on the info-seeking task and task completion on the writing task, and in the
sociability condition, with the exception of task completion on the info-seeking task and
sociability on the writing task, at least one autorater has higher agreement with the users
than human raters. We mentioned the potential different between internal user perception
and external human rater perception in Section p.2.1], and it seems that autoraters agree
more with the user’s internal perception than human raters’ external perception. We
also notice that autoraters align more with user judgment on the writing task almost
exclusively in cases where context is not provided in the empathy condition, while Llama
behaves similarly for the writing task on the sociability condition. This suggests that the
preference context for the writing task may be a distraction for autoraters but not for
human raters.

When we look at the autorater performances in isolation regardless of context provided,
GPT only outperforms Llama on the task completion metric on the info-seeking task
in the empathy condition, but outperforms Llama on 5 out of 7 metrics on the writing
task. On the sociability condition, GPT only outperforms Llama on one metric for each
task. Combined with our previous findings on whether context is useful for autoraters,
Llama with context on both conditions for info-seeking performs the best, while on the
empathy condition for the writing task, GPT without context performs the best, and for
the sociability condition, Llama without context performs the best. Overall, it seems that
rating performance with and without context is dependent on the task and the rater,
and this should be studied in other settings to determine if this is a larger pattern with
autoraters and user’s internal perceptions.

Other Variables. Although our hypothesis is not fully supported, in the next three
sections, we perform a deep dive into our study components - the contextual information,
the user interaction, and the metrics - to try to understand other variables that could make
an impact for the results of personalized evaluation.

Contextual Interpretation and Contextual Variance

Following our mixed results on the statistical improvement of human rater and autorater
agreement with users, we wanted to further understand how contextual interpretation and
contextual variance could affect our results. First, we explore whether contextual infor-
mation could align external raters. The contextual information was gathered by drawing
conclusions from user selections in the preference survey, and although this information
may not always align autoraters with users, it could be used to align human raters and au-
toraters if the contextual information is interpreted similarly by both external raters. We
also experiment with other types of contextual information, namely, the pre-interaction
questions about user attitude and personality we collected as mentioned in Section p.2.5.
We test these other types of contextual information with autoraters and not human raters
because user attitudes and personality are not as easily human interpretable as empathetic
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empathy sociability
metric raterl rater2 info seek [ writing info seek [ writing
context
v/ X v X v/ X v X
=, 8 human | gpt 0.167T —0.211 | 0.198T 0.077 —0.201 0.020T —0.102 0.087T
5EE human | llama | 0.453T —0.324 | 0.1987T 0.183 —0.193 | —0.077T | —0.107 0.1407
g @8 gpt llama 0.649T 0.447 0.722T 0.387 0.874T 0.247 0.8827T 0.023
Y human | gpt —0.088T | —0.228 [ 0.333T | —0.130 | —0.183T | —0.225 0.039 0.069T
2 g g human | llama | 0.0867 —0.118 | 0.105T [ —0.015 | —0.166T | —0.207 0.051 0.188T
85 gpt llama 0.597T 0.434 0.633T 0.411 0.729T 0.239 0.8227T 0.046
g2 _ | human | gpt 0.006T —0.102 [ 0.104T 0.002 —0.013 | —0.006T [ 0.010T —0.022
813 £ [ human | llama | 0.0427 —0.017 | —0.052 | 0.066T —0.099 | —0.010T | 0.021T 0.017
g2 T gpt llama | —0.269 | —0.160T | —0.316 | 0.169T | —0.017T | —0.235 —0.107 0.063T
. human gpt 0.127T —0.129 [ 0.282T 0.089 —0.157 | —0.082T [ 0.057T —0.233
2 g human | llama | 0.1677 —0.289 | 0.193T 0.100 —0.137 0.129T 0.045 0.067T
§ A gpt llama | 0.8167 0.603 0.735T 0.295 0.948T 0.273 0.880T —0.120
® human | gpt —0.102 | —0.106 | 0.170T | —0.029 | —0.162 | —0.015T | —0.112 | —0.053T
= human | llama | 0.143T —0.290 | 0.031T | —0.030 | —0.122T | —0.162 —0.06 0.038T
& gpt llama | 0.618T 0.383 0.791T 0.388 0.900T 0.238 0.856T 0.133
0t - [ human | gpt 0.1967 0.009 —0.111 [ —0.036T | —0.208 | —0.120T | —0.005T | —0.375
= %‘; S [ human | llama | 0.234T —0.003 [ —0.155 [ 0.046T [ —0.222T | —0.250 [ 0.034T 0.018
£ 3@ gpt lama | 0.7077 0.536 0.546T 0.253 0.730T 0.470 0.854T —0.012
o human | gpt 0.212T —0.204 | 0.189T [ —0.005 | —0.168 0.024T —0.221 0.290T
2 § human | llama | 0.3597 —0.122 0.040 0.073T | —0.129T | —0.184 | —0.126 0.093T
8 gpt llama 0.600T 0.507 0.799T 0.392 0.769T 0.150 0.795T 0.172

Table 5.2: QWK between raters when context or no context is kept the same. The re-
ported numbers are the QWK between the each of the two raters. 1 represents if there is
significance between the comparison of the raters with context and without context using
bootstrapping.

or sociable system responses.

Personalized evaluation aligns different external raters with each other. Al-
though providing contextual information did not align autoraters with user ratings, pro-
viding contextual information almost always helps align autoraters with human raters as
seen in Table p.2. We compare human raters, GPT, and Llama across each condition and
task, which results in 21 comparisons across a single condition and task pair. In the empa-
thy condition, there are 19 comparisons for the info-seeking task, and 16 comparisons for
the writing task in which providing context significantly improved alignment. In the so-
ciability condition, there are 12 comparisons for the info-seeking task, and 11 comparisons
for the writing task where providing context significantly improved alignment. Autoraters
almost always significantly align more with each other when provided context. However,
providing context in the majority of cases harmed human rater-autorater alignment in the
sociability condition. We additionally noted in Section @ that providing examples and
context significantly improved autoraters’ alignment with themselves even with different
levels of rubrics, so contextual information is important for evaluation. This provides fur-
ther justification that personalized evaluation is very dependent on the task and the rater,
and that more domains and conditions should be tested.

User attitude information and personality does not always allow models to
predict user behavior. Although we see that user attitudes are largely positive, we
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still refer to Sections |52]J and |525 about user attitudes affecting chatbot interaction and
rating and test our autoraters to see if by adding user attitudes and personality, that models
could better predict user’s metrics. We see in Table i that by only using user attitude
and personality, or by using both user attitude, personality, and user preference, that it
is rarely the case that injecting the user attitude and personality improves user-autorater
agreement. This only happens in the feeling understood case in the empathy condition,
but happens on the writing task in the sociability condition 6 out of 7 times using Llama
with only the user attitude and personality data. It also happens in the info-seeking task
for sociability conversations also with Llama when adding the user attitude information to
the user preference. We note that many of our users preferred no sociability, but preferred
more empathy, so it could be that when users do not prefer a specific system style, that
their attitude and personality would play a greater role in predicting how they rate two
systems.

Human and Autorater Perception of User Interactions

Another aspect of our study aside from contextual interpretation and variance is the hu-
man and autorater perception of the user interactions themselves. This perception could
be the perception of empathy, the perception of sociability, or the perception of user un-
derstanding. These perceptions could help predict overall satisfaction when combined with
the perceived importance of these three traits.

Human and Autorater Perception of Empathy. We are interested to see whether
users, human raters, and autoraters chose the system treated with empathy as more em-
pathetic than the other system when comparing the two conversations during rating. On
the info-seeking task, 12 out of 25 users, 37 out of 75 human raters with and without
context, in 25 out of 25 conversation pairs for GPT with and without context, and in
20 out of 25 conversation pairs for Llama with and without context, the system treated
with empathy was picked as more empathetic than the other system. On the writing task,
19 out of 25 users, 39 out of 75 human raters with context, 32 out of 75 human raters
without context, in 25 out of 25 conversation pairs for GPT with and without context, in
21 out of 25 conversation pairs for Llama with context, and in 25 out of 25 conversation
pairs for Llama without context, the system treated with empathy was picked as more
empathetic than the other system. This suggests that models can easily determine which
system was treated to exhibit more empathy even without the definition of what it means
to be empathetic for a system, but that humans cannot replicate this result. This could
either be due to differing empathy perceptions between human raters, or due to models
being able to more effectively determine empathy from generated text. This is interesting
because the definitions for empathy elicitation mentioned in Section p.2.4 were specifically
made for empathy perception. In addition, it is worth noting that the writing task was
created with the expectation that more empathy could be shown throughout the entire
conversation by the system. This is reflected at least through the users becoming more
accurate in choosing the system treated with more empathy for this task, although human
raters do not receive the same benefit.

Human and Autorater Perception of Sociability. We also explore whether users,

78



Only pre Add pre
metric style task | best | best+c | GPT | Llama | GPT | Llama
— | empathy |20 [0517 [ 0517 | 0.150 | 0.350 | 0.362 | 0.514°
%3 writ. | 0.379 | 0.240 | 0.218 | 0.286* | 0.073 | —0.131
5 :g sociability info | 0.334 | 0.334 | 0.246 | 0.074 | 0.255 | 0.271"

writ. | 0.351 | 0.351 | —0.031 | 0.509" | 0.333 | 0.338

2 | empathy | M0 | 0421 0421 0267 [ 0.188 | 0.397 | 0.359
%58 writ. | 0.379 | 0.379 | 0.195* | —0.010 | 0.089 | —0.249
g g 5 bilie |0 | 0279 | 0279 | 0.254" [ —0.031 | 0.162 | 0.122
| oADMY Tie. [ 0.447 | 0.299 | 0.016 | 0.554° | 0.192 | 0.216

. e | mfo [ 0.208 0.09 | 0.034 | 0.180° | 0.013 | 0.101
S o | P Gt 70229 [ 0.084 | 0.177° | 0.105 | 0.075 | —0.230
5 8= Lty | Mo | 0.056 | 0.056 | —0.164 | 0.053 | —0.1I7 | 0.065"
¢~ | SOUAPHY M. [70.107 | 0.107 | —0.174 | 0.047° | —0.112 | —0.037
| empathy | M0 | 0-308 70308 | 0117 0067 | 0.193 | 0.208"
5% writ. | 0.323 | 0.101 | 0.263" | 0.150 | 0.064 | —0.081
F 8 [ ociability | M0 | 0-287 | 0287 | 0018 | 0283 | 0220 | 022
writ. | 0.478 | 0.353 | 0.117 | 0.529% | 0.299 | 0.351

o | info | 0452 0452 | 0.042 | 0212 | 0.247 | 0419°

= o | PV it [0.412 [ 0.172 | 0.287° | 0.165 | —0.151 | —0.188
E 7 | sociability |00 | 0-344 | 0986 | 0.236 | 0185 | 0183 | 027F°
writ. | 0.288 | 0.288 | —0.034 | 0.549" | 0.225 | 0.288

| e Lo | 0.557 | 0.557 | 0.277 | 0448 | 0526 | 0.597

2 yg| P 0318 [ 0.095 | 0.224 | 0.382° | 0.139 | —0.161
$E 2 sociability | 110 | 0220 | 0920 | 0131 | 0075 | 0123 | 0.205°
writ. | 0.273 | 0.265 | 0.198 | 0.438" | 0.257 | 0.288

N oo | info | 0324 0324 | 0.114 | 0095 | 0.250 | 0.266°
S o PAMY Twrit. [0.324 [ 0.157 | 0.278" | 0.153 | 0.002 | —0.148
£ 7 [ sociability | 120 | O-I7L [ 07T | =0.004 | 0.076 | 0.103 | 0.119"
writ. | 0.368 | 0.318 | 0.172 | 0.482" | 0.289 | 0.253

Table 5.3: Using user attitude survey questions with models to predict user annotations.
Best refers to the best correlation from human raters, GPT, and Llama from Table El!, and
best + c refers to the best correlation that was using context. The bold result represents
the best correlation out of all values, and the * represents the best correlation out of all
the models using the user attitude survey questions.
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human raters, and autoraters chose the system treated with more sociability as being more
sociable. On the info-seeking task, 23 out of 25 users, 31 out of 75 human raters with
context, 41 out of 75 human raters without context, in 25 out of 25 conversation pairs for
GPT with and without context, in 5 out of 25 conversation pairs for Llama with context,
and in 23 out of 25 conversation pairs for Llama with context, the system treated with
sociability was picked as more social than the other system. On the writing task, 23 out
of 25 users, 36 out of 75 human raters with context, 40 out of 75 human raters without
context, in 25 out of 25 conversation pairs for GPT with and without context, in 10 out
of 25 conversation pairs for Llama with context, and in 25 out of 25 conversation pairs for
Llama without context, the system treated with sociability was picked as more social than
the other system. This suggests that although sociability is an easier concept to identify
than empathy for users, human raters may be more confused when given context, and
Llama also does not use the context as expected. The definitions for sociability elicitation
were created by focus groups mentioned in Section , so it is interesting that human
raters tend to be more confused when given context for the sociability elicitation.

Perception of the importance of user understanding, empathy, and socia-
bility. We asked our users and human raters, and prompted the autoraters for, how
important it was for a chatbot to understand them and to exhibit empathy or sociability
for a specific task, with results in Figure .. For a chatbot understanding them, users
tended to rate this as important or very important across both conditions. We can see
that users did not skew as strongly toward very important as the human raters or the
autoraters. The human raters tended to follow the user patterns more closely than the au-
toraters, which always rated “very important”, but the distributions are still very similar.
We expect any user or rater to place high importance on a chatbot understanding them.
However, if we look at how important it was for a chatbot to exhibit empathy or sociability
for a specific task, the distributions are very different across raters. Users tended to think
empathy was important for both tasks, whereas human raters with and without context
had a more even distribution, but still skewing slightly positive, across whether empathy
was important. The autoraters tended to be very polarizing - either rating empathy as not
important or very important, with the exception of GPT without context. The sociability
condition also had a similar pattern, where users tended to think sociability was not impor-
tant for the task, with human raters more closely mirroring the distribution while skewing
negative. This aligns with users preferring less sociable system responses. For info-seeking,
the autoraters agree that sociability is less important, with the except of Llama without
context. However, for the writing task, the autoraters exhibit more erratic ratings, with
GPT with context and Llama without context rating sociability as very important, and
only Llama with context rating sociability as not important, although the same polarizing
behavior as the empathy condition is present. The external raters having such contrast
with the user suggests a difference in perception between these two groups, which could
lead to a difference in rating.

Perception and Overall Satisfaction. Users, human raters, and autoraters are
overall more satisfied with systems which they perceive to understand the user more, and
place high importance on this system trait. However, they are not always overall more
satisfied with systems which they perceive to match the user’s preference for empathy and
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Figure 5.6: Heatmap showing the normalized distributions of our study participants over
whether being understood and empathy /sociability are important for this type of task.
The heatmaps on the left represent the empathy condition, and the heatmaps on the right

represent the sociability condition.
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sociability, and have varied importance on these system traits.

All users” and human raters’ ratings for the importance of user understanding, empa-
thy, and sociability are studied. We study subsets of the data for the link between overall
satisfaction and user understanding, empathy, and sociability. We expect users and any
rater regardless of context to prefer systems overall which show that they understand the
user (analyzing all 25 conversations for each condition and task), and users and raters with
context to prefer systems overall which show the user’s desired preference for empathy or
sociability if they have a preference (analyzing 16 conversations for both tasks on the em-
pathy condition and 21 conversations for both tasks on the sociability condition. For any
instance where the user or human rater did not show consistency between overall satisfac-
tion and which system was more empathetic/social/understood the user more (which we
will refer to as a conflict), we asked an additional question to determine which system they
were choosing to prefer overall - either keeping their original overall choice, or changing to
the system that was more empathetic/sociable/understood the user more. We do not ask
this question to the autoraters. All three human raters for each conversation are treated
separately. The following results suggest that there may be other factors weighted more
than empathy or sociability across the two tasks, but that users, human raters, and au-
toraters prefer systems which they perceive to show more understanding toward the user.
More research needs to be done to understand the weights of these other factors and how
it might affect overall satisfaction.

Users and raters are overall satisfied with the system which is perceived to
understand the user more. In Tables @ and p.7, we can see that users, human raters,
and autoraters tend to be consistent in overall preferring the system that was perceived
to understand the user more. We notice that users are more consistent over both tasks
in the empathy condition, but slightly less consistent, especially for the info-seeking task,
in the sociability condition. We expect that users would be more consistent across the
writing task, as it seems to be more important to understand the user when their goal is
to create a piece of text that they will send, as opposed to information gathering, where
misunderstandings could still lead to additional information being received. However, it
is interesting that the consistency over the sociability condition is markedly lower. This
could suggest that there are other factors that are more important than understanding
the user when varying sociability. When we observe the consistency for human raters, we
actually see that they are steadily consistent across both conditions and tasks. We also
notice that when users or human raters are asked to resolve the conflicting ratings, they
choose to switch to preferring the system that understood the user more, as seen in the
C + R columns in Table p.4. Autoraters also tend to exhibit a high level of consistency,
almost higher than users and human raters in all cases. Since most of these values are
about 70%, we conclude that being understood is a good indicator for overall satisfaction
for users, human raters, and autoraters.

Users and raters are not necessarily overall satisfied with the system which is
perceived to exhibit empathy or sociability according to the user’s preferences.
Next, we look toward the users, human raters, and autoraters for systems perceived to
exhibit empathy or sociability according to the user’s preferences in Tables and
(in column + pref). This consistency is relatively low compared to overall preferring the
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system that was perceived to understand the user more. This suggests that for the empathy
condition, users and humans may tend to gravitate toward systems they perceive to be
less empathetic even if the users liked empathetic system responses in isolation. For the
sociability condition, this means that users and humans may gravitate toward systems
they perceive to be more sociable even if the users liked sociable systems responses less
in isolation. This raises an interesting question of misalignment in preference in isolation
and preference in conversation for users and human raters. However, for autoraters, we see
that GPT on both conditions, and Llama on the empathy condition are highly consistent
in preferring the system that was aligned with the user’s preferences. Without context for
both tasks, both autoraters are lower in consistency on the empathy condition, and GPT
is lower in consistency on the sociability condition. However, on the sociability condition,
GPT does not prefer the more perceived sociable system overall most of the time, whereas
Llama does - this leads to GPT being more consistent when taking into consideration most
users preferred less sociability, and Llama less so.

Additional Observations. Although users and raters do not consistently prefer the
system which showed empathy or sociability according to the user’s preferences, addition-
ally, we explore whether users and raters generally prefer systems which they perceive to
exhibit more empathy or sociability, or if they generally prefer systems which we designed
to exhibit more empathy or sociability. Users and raters generally prefer systems which
are perceived to exhibit more empathy, but not necessarily sociability - seen in both tables
with column 1. Based on the user preferences shown in Figure p.5, we expect consistency
to be higher under the empathy condition since more users preferred empathetic responses,
and lower under the sociability condition since more users did not prefer sociable responses.
We observe that users and human raters are still relatively consistent over the empathy
condition in both tasks, but that consistency degrades greatly over the sociability condition
in both tasks, even after conflicts are resolved, which aligns with our initial thoughts.

Users and raters also somewhat prefer systems designed to exhibit more empathy, but
not sociability, which is also consistent with user’s system style preferences. We explore
this in Table and the design. column in Table p.7. There is not a consistent overwhelm-
ing majority of users and human raters who prefer the systems designed to exhibit more
empathy or sociability, but there is a slight lean toward positive. The autoraters tend to
prefer the systems designed to be more empathetic, but heavily do not prefer the systems
designed to be more sociable except for Llama without context.

Construct and Metric Ratings

The last aspect of our study is the metrics that we choose to study. In Section , we
mentioned three types of metrics: extrinsic subjective metrics, objective intrinsic metrics,
and perception metrics. We believe that subjective metrics may receive more of a benefit
than objective metrics with personalized evaluation, as subjective metrics could be more
context-dependent.

Improvement with personalized evaluation does not depend on the type
of metric. In Table p.1, we observe that there is no noticeable difference between the
subjective (9, 9, 7, and 9 instances out of 12) and objective metrics (7 and 8 instances out
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Empathy Condition | Sociability Condition

rater | cxt. C C+R C C+R

< | user 0.800 - 0.520 0.600

qg) human | v | 0.787 0.827 0.787 0.840

2 [ human | X | 0.680 0.707 0.720 0.760
o0 | user 0.920 0.960 0.720 -

}g human | v | 0.760 0.880 0.747 0.813

£ | human | X | 0.853 - 0.707 0.747

Table 5.4: User and human rater normalized consistency across overall satisfaction and
feeling understood. C stands for consistent, and C + R stands for consistent and resolved
from asking the user and raters additional questions to resolve conflicts. - represents that
there was no change after resolution.

Empathy Condition Sociability Condition
1 + pref T + pref

task | rater | cxt. C C+R | C C+R | C C+R | C C+R

i user 0.688 - 0.375 - 0.476 | 0.524 | 0.571 | 0.524

% human | v | 0.813 - 0.542 - 0.254 | 0.302 | 0.333 | 0.302

2 |human | X [0.604| - [0208| - [0540| - [0222] -

e user 0.750 - 0.375 - 0.524 - 0.524 -

£ | human | v | 0.604 | 0.688 | 0.250 | 0.333 | 0.460 | 0.492 | 0.302 | 0.286

£ |[human | X | 0.771 - 0.25 - 0.635 | 0.651 | 0.190 -

Table 5.5: User and human rater consistency across overall satisfaction and empa-
thy /sociability preference. C stands for consistent, and C 4+ R stands for consistent and
resolved from asking the user and raters additional questions to resolve conflicts. - rep-
resents that there was no change after resolution. +pref represents adding the user’s
preferences in mind - does overall satisfaction agree with the rater’s views on the more
empathetic/sociable system and the user’s initial preference for empathy/sociability.
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Empathy Condition | Sociability Condition

task | rater | cxt. C C+R C C+R

& user 0.438 - 0.429 0.476

2 [human | v/ | 0.521 - 0.492 0.508

2 [human | X [0.375 - 0.476 -

2 user 0.688 - 0.571 -

£ | human | v | 0.396 - 0.587 -

£ [Thuman | X | 0458 - 0.540 0.524

Table 5.6: User and human rater consistency across overall satisfaction and empa-
thy /sociability preference. C stands for consistent, and C 4+ R stands for consistent and
resolved from asking the user and raters additional questions to resolve conflicts. - repre-
sents that there was no change after resolution. This table answers if people are overall
more satisfied with the systems we designed to be more empathetic/sociable.

Empathy Condition Sociability Condition
understood empathy understood sociability
task | model | context T + pref | design. T + pref | design.
4 gpt v 0.840 0.750 | 0.938 0.750 1.000 0.095 | 1.000 0.095
§ gpt X 0.760 0.438 | 0.500 0.438 0.920 0.143 | 0.762 0.143
RS llama v 0.920 1.000 | 0.750 0.750 1.000 1.000 | 0.095 0.095
i= llama X 0.920 0.750 | 0.563 0.625 0.960 0.619 | 0.381 0.524
o gpt v 0.840 0.688 | 0.938 0.688 1.000 0.143 | 1.000 0.143
= gpt X 0.920 0.500 | 0.375 0.500 0.760 0.286 | 0.667 0.286
H llama v 0.960 0.938 | 0.688 0.688 1.000 0.857 | 0.286 0.143
g llama X 0.880 0.688 | 0.625 0.625 0.880 0.762 | 0.381 0.762

Table 5.7: Autorater consistency across overall satisfaction and empathy and understood

preference. We report the autorater consistencies.
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of 12) for improvements with personalized evaluation when considering all human raters
and autoraters. However, we do notice that personalized evaluation is not as useful for
empathy (1 instance out of 6) and sociability (3 instances out of 6) perception.

5.2.8 Conclusion

Throughout this work, we aimed to understand whether internal and external ratings
aligned, and whether personalized evaluation was useful for the empathy and sociability
conditions as well as the info-seeking and writing tasks. We discover that providing con-
text for external human raters aligns human raters significantly more to the internal user
ratings, but that this does not necessarily extend to autoraters when provided context.
However, providing context for any external rater does help align external raters with each
other. Autoraters tend to agree more with users than human raters, which suggests that
it is very useful to obtain internal user ratings, and that more work should be done on
providing easy ways for users to give ratings during or after a conversation with a sys-
tem. Users and raters tend to overall prefer systems that were perceived to understand
the user more, but not necessarily overall prefer systems that showed or were perceived to
show empathy and sociability according to the user’s preferences. Users’ attitudes toward
chatbots and their personality do not necessarily outperform situations in which they are
not used in evaluation. All this suggests that personalized evaluation is useful in certain
contexts, and that it is important to collect user’s internal ratings and ensure data col-
lection about the user is quantitatively and statistically useful for personalized evaluation
to only collect necessary personal information. These experiments should be performed
over additional domains and user preferences, but personalized evaluation has promise to
provide quantitative and statistical improvement for both human raters and autoraters.
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Chapter 6

Conclusion

Throughout this thesis, we explore the promise of using autoraters for personalized evalu-
ation. Our contributions are as follows:

1. Chapter a provides understanding into how prompt design affects human-autorater
agreement, as well as how autoraters can be used to evaluate dialog systems. By care-
fully constructing prompts for autorating, we can start to use autoraters in product
settings to estimate performance.

2. Chapter @ adds another layer on to prompt design by injecting user knowledge (at-
titude) into autoraters. Through simulation, we find that it is important to classify
negative attitudes because they have varying impact on autorater ratings. We now
have another promising avenue to explore how we can achieve higher agreement with
humans.

3. Chapter H brings together our knowledge about autorater prompts and user behavior
together into applying autoraters in an interaction setting for personalized evaluation.
This chapter provides a starting point for further gains in using autoraters in real
settings.

We revisit our initial motivations for doing this work. There has been a large shift
towards using autoraters to replace human raters. Although in Chapter B, we see that
autoraters with context perform better than external human raters with context, we still
note that these autoraters do not have an extremely high agreement with user ratings.
Through our work on personalized evaluation, we realize even more that we need to under-
stand humans, how they interact with systems, and how they perceive systems before we
can truly be confident in using automatic personalized evaluation. Knowing this informa-
tion, we recommend using automatic personalized evaluation for system interaction as long
as it is quantitatively studied to provide a significant improvement in agreement with user
behavior over all other settings. However, it is still very important to keep humans in the
loop during some part of the evaluation process. We now provide a few future directions
for consideration.

Autoraters. We show in Chapter a that choosing suitable prompts and autoraters
for specific tasks is important. We mention some related work that studies how prompt
modifications affect autorater performance. However, we uncovered that by purely sep-
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arating rubric criteria into separate API calls, there can be a significant improvement in
some cases over presenting all the rubric criteria at once to an autorater. We also noted
that humans were presented all the rubric criteria at once. Although it is not possible to
mimic the separate API calls condition to humans, it would be interesting to study poten-
tial ordering bias in humans by varying the order in which rubric criteria were given, and
seeing if certain autoraters can mimic this bias. Throughout this thesis, we move toward
separate API calls in later chapters, and we recommend future autorater works to continue
presenting criteria in separate API calls until this bias is studied.

Humans. There is a large body of work on how to best present human raters with
instructions such that researchers can obtain suitable ratings, with some methods summa-
rized in my previous work [[72]. However, seen in Chapter E, it may not be possible to
provide exact examples to external human raters because we lack additional information
about the user themselves. It may be possible to aggregate a user’s previous conversa-
tions to obtain additional information about them, but depending on the sensitivity of the
information gathered, it may not be appropriate to provide that information to external
human raters.

It may also be difficult to provide examples to the users themselves. We will discuss
future directions for contextual information in the section below, but we study a limited
amount of contextual information in Chapter H, including empathy or sociability preference,
user attitude toward chatbots, and personality through TIPI. Although there is noticeable
improvement to providing context to human raters and sometimes autoraters, we still see
that the raw agreement ratings are low. We also noted low consistency with empathy and
sociability perception. This may mean that we do not have a good grasp yet on how users
with these preferences rate. Before having this understanding, providing examples to users
may not make sense because it could skew them to have interpretations that are not how
they truly view the conversation.

It is also difficult to obtain these user ratings at all. Previous works [73] have used a
thumbs up/down methodology with feedback options that give users the option of providing
feedback throughout the conversation. However, it would be difficult to ask users for fine-
grained ratings in a real use case setting because it is not realistically how users have
conversations with chatbots. After a user has a conversation, they may not want to provide
any feedback at all after completing their task. Therefore, there should be more work in
understanding what other types of feedback we could obtain from users in this setting, for
example, implicit feedback, which has been studied for recommender systems [/, 80].

We can see through Chapter ff that the elicitation and presentation of preferences could
be another direction for future work. We structure our preference elicitation carefully,
however, we noted that even within the same type of task, users may not prefer empathy
or sociability in every case. Future work could look towards preference elicitation such
that users are consistent in their preferences. Human raters or autoraters could also prefer
different presentations of these preferences.

Contextual Information. In our works, we mention using more concrete user pref-
erences on empathy or sociability as a basis for personalized evaluation, and explore more
abstract facets like user attitude and personality with no success. However, there can be
many other facets of contextual information that could help inform personalized evalua-
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tion like culture [23]. It would be interesting to explore whether other types of contextual
information show the same quantitative improvement in rating agreement, as well as how
concrete or abstract the contextual information can be. There could be another research
direction in the presentation of contextual information by using abstract representations
of the user in a trained user model to evaluate instead of natural language prompts for
large language models.

We mention our focus on explicit information for the user profile in Section ; how-
ever, there are many sources of implicit information that could be used to supplement or
create a user profile as well. Previous system personalization papers have used methods
to extract abstract representations through vectors or models of the user through dialog
history [140, 183, 208, or concrete user signals throughout the conversation [132]. There-
fore, there is an interesting direction to using previously studied methods for implicit user
information and seeing if either prompting a model which has an abstract representation
of a user for a user profile, or creating a user profile through implicit signals could either
help supplement or perform better than user profiles created through explicit information.

Constructs. Lastly, there are many future directions for the constructs to study for
personalized evaluation. In Chapter f, we perform experiments related to consistency of
rating with overall satisfaction based on how important empathy or sociability is, and
how important it is for the chatbot to understand the user. These experiments could be
extended to other constructs to further understand how consistent they are with overall
satisfaction. For constructs consistent with overall satisfaction, it may be appropriate
to conclude that the construct largely affects overall satisfaction. Additionally, future
work could look toward understanding the weighting of these constructs within overall
satisfaction.

There is also a question of what constructs are appropriate to measure. There have
been many works trying to capture important constructs [48, 120] for_dialog; however, as
chatbots evolve, certain constructs may saturate as noted in Chapter . We may also find
constructs that are more indicative of chatbot performance. Therefore, it is important to
constantly evaluate our evaluations.

Finally, this thesis focuses on understanding quantitative statistical differences for any
modification we make. However, there is a large body of work looking at qualitative
evaluation or understanding the rationale behind quantitative evaluations. For example,
think aloud evaluation with humans [190] or using humans and LLMs together to create a
rubric [B3]. Autoraters could do something similar with Chain-of-Thought (CoT) [31].

89



90



Chapter 7

Appendix
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.1 Understanding the Effectiveness of Very Large Lan-
guage Models on Dialog Evaluation Appendix

.1.1 Prompt format examples FED

Task: Given a dialog history and a response, rate how inter-
esting the response is with regards to the dialog history.

== Example 1 ==

A: Hi!

B: Hi. This is a pleasant surprise.

A: Haha...thanks! how did you like the gift?

Response: Currently unpacking it I guess. How’s your morn-
ing?

Rating: 1/2

A: Hope you like it! Morning is good. Busy finishing up stuff
before the holidays.

B: I think I traveled too much the last couple of months so
no holiday for me. But I'm okay with that. Going anywhere
exciting?

A: Yes

Response: Where to?

Rating: 1/2

A: Hawaii... looking forward to warm beaches.

Response: WOW. Which island? I like Hawaii.

Rating: 2/2

Table 1: An example of a prompt with one example from FED [120]. Interestingness was
rated in FED over three values corresponding to 0/2, 1/2, and 2/2. The resulting output
is truncated to the integer value of 0, 1, or 2 to be used in evaluation.
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.1.2 Prompt format examples DSTC10

Instruction: Given a conversation and a response, choose if
the response is a good response to the context

Example

Background info: none

Conversation:

Person A: did your meal meet with your approval ?
Response: yes , i did . it was a good meal .

Question: Is the above response a good response to the con-
versation?

Answer: Yes

Background info: none

Conversation:

Person B: i really do hate public transportation.

Person A: i agree , it 's just never on time.

Response : you ’re right.

Question: Is the above response a good response to the con-
versation?

Answer:

Table 2: An example of a prompt with examples from DSTC 10.

.2 Influence of Prompt Design on Human-Autorater
Agreement Appendix

.3 Appendix A

.3.1 Additional Other Observations

Arater + rubric. Different raters may show greater agreement when using different
rubrics. In additional to the previous comparisons of ARater and ARubric we also in-
vestigate ARater4+Rubric, which captures cases where alignment between different raters
is affected by the use of different rubric types as depicted in Figure m The best 7 obtained
for any rubric condition when comparing human ratings on holistic rubrics with autoraters
on analytic rubrics (Humany — LLMy, 0.401, 0.682, and 0.644 respectively) is lower than
the worst 7 obtained from comparing autoraters on holistic rubrics with humans on ana-
lytic rubrics (LLMpy — Human,, 0.539, 0.688, and 0.645 respectively) (Table ) This
indicates that while autoraters exhibit high preference agreement across different rubrics
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Essay,
=..N

/ Holistic Rubric \ / Analytic Rubric \

(. - - \
Score for Organization:

Overall Score: 1: [description]
1: An undeveloped response o
that... 6: [description] )

S . —
6: An well-developed 1:0[%295 C(r)i|rotio?1r]wen ions

response that..

k j k [descrlptlon] j

or|g|nal edited or|g|nal edited
rubrlc rubrlc rubrlc ... rubric
............ S [So 1 c 1 [So 1 T [So_l' Sc_l""
So_n’ Sc_n] So_n* Sc_n] So_n’ Sc_n]

A rater + rubric

Figure 1: This diagram represents comparisons made between human-autorater agreements
T across various conditions such as holistic rubrics (left side), in which all criteria are applied
together in a single overall judgment, or analytic rubrics (right side), in which criteria are
evaluated separately, and rubrics which have been edited for LLMs. Arrow in bold between
75 and 74 represent comparisons for which statistical significance can be calculated.
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P|C. || Full 3ex Sep. | Bat. | Edited
H. || 0.639 | 0.623 - - -
Ide. - - 0.647 | 0.652 | 0.660

1 Or. - - 0.675 | 0.626 | 0.672
WC - - 0.616 | 0.580 | 0.639
SF - - 0.608 | 0.586 | 0.632
Cv. - - 0.580 | 0.559 | 0.610
H. || 0.825 | 0.812 - - -
Ct. - - 0.777 | 0.815 | 0.801

4 PA - - 0.767 | 0.773 | 0.784
La. - - 0.755 | 0.711 | 0.766
Na. - - 0.767 | 0.747 | 0.789
H. || 0.790 | 0.782 - - -
Ct. - - 0.716 | 0.779 | 0.772

6 PA - - 0.712 | 0.746 | 0.780
La. - - 0.745 | 0.705 | 0.753
Na. - - 0.749 | 0.709 | 0.772

Table 3: Kendall’s 7 between GPT and Llama. All abbreviations follow Table .

Arater+rubric
GPT-40 Llama
LLMy — Hy | Hy — LLMy4 LLMy — Hy || Hy — LLMy4
R 0.5747 [ 0.539 [ 0.279 [ 0.271 | 0.401%°T || 0.601 | 0.605 || 0.467 | 0.467 | 0.470
gg 410.691 | 0.688 [[ 0.669 | 0.668 | 0.682%°T || 0.674 | 0.674 || 0.710* | 0.674 | 0.707°T
6 || 0.645 | 0.653T || 0.585 | 0.595* | 0.644%°T || 0.660 | 0.670T || 0.637* | 0.592 | 0.671%°T

[IF | [ 0.541 | 0.530 || 0.474* | 0.34 [ 0.459°T [ 0.478 | 0.545 [[ 0.421* | 0.183 [ 0.424°" |

Table 4: Kendall’s 7 results for Arater+rubric with GPT-40 and Llama on AES and IF.
For AES, the number indicates the essay prompt, with ideas, organization, word choice,
sentence fluency, and conventions compared for prompt 1, and content, prompt adherence,
language, and narrativity compared for prompts 4 and 6. 7 is calculated through Pareto
dominance comparison for AES and through instruction following ratio comparison for IF.
Significance tests between separate (sep.), batch (bat.), and edited prompts are performed,
where ® and ® in the edited prompt column represents significant differences with separate
and batch prompts respectively. 1 is indicated next to comparisons that are significantly
larger within holistic prompts. x is indicated next to comparisons that are significantly
larger between separate and batch comparisons. 1 and | represent that the 7 value for
edited prompts is significantly larger or smaller respectively with the separate s or batch
b prompts’ 7. The lack of any dagger, star, or arrow denotes no statistical significance. H
is a shortened form for Human.

(in A rubric), the Pareto dominance aggregation method decreases alignment between au-
toraters and humans. This trend is also observed in Table B.12 (0.474 to 0.530, and 0.424
to 0.478) for IF, suggesting its applicability to the ratio aggregation method. However, in
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Table on Llama for AES, this only occurs for essay prompt 1 (0.470 to 0.601).
Surprisingly, for essay prompt 4, all 7 values for Arater + rubric are higher than those
for A rubric when humans are the annotator, for both GPT-40 (0.656 compared with 0.691
and 0.688) and Llama (0.656 compared with 0.674 and 0.674). This suggests that the au-
torater’s preferences on the holistic rubric agree slightly more than the human’s preferences
on the holistic rubric as compared to the analytic rubric. Although different humans rate
with the holistic and analytic rubrics, they all either were trained or familiar with eval-
uation, whereas there is no guarantee for autorater performance. This could be due to
various factors, such as the autorater using a continuous scale versus the human’s discrete
scale which leads to less ties, or the autorater’s interpretation being closer to the human’s
analytic rubric interpretation. Future work should further explore these correlations.

GPT-4 vs. Llama. It is hypothesized that autoraters will exhibit greater mutual align-
ment when (1) using analytic prompts instead of holistic prompts, (2) using the same (and
more) examples, and (3) using separate API calls instead of batched API calls. To test
these hypotheses, Kendall’s 7 is calculated between GPT-4 ratings and Llama ratings in
Table B. Analytic rubrics do not consistently improve autorater alignment over holistic
rubrics, even when provided examples in AES (0.639 compared to 0.610 - 0.672, 0.825
compared to 0.766 - 0.801, and 0.790 to 0.753 - 0.780 respectively). However, introducing
examples to analytic rubrics (comparing separate and batch with the edited column) and
increasing the number of examples in holistic rubrics (0.639 from 0.623, 0.825 from 0.812,
and 0.790 from 0.782) does tend to improve alignment, indicating that examples improve
both human-autorater and autorater-autorater alignment in AES. This pattern does not
hold for IF, where the separate, batch, and edited conditions yield 7 values of 0.674, 0.193,
and 0.662, respectively, while the holistic zero-shot and three-shot conditions yield 0.752
and 0.724. Separate API calls improve alignment for 8 out of 13 sub-criteria in AES. How-
ever, as previously mentioned, further research is needed to understand how humans and
autoraters exhibit positional bias, as the sub-criteria presented first in batched API calls
consistently show higher alignment.

3.2 Agreement Level

Agreement level is examined using holistic prompts in both AES and IF, and analytic
prompts in IF. As shown in Table f§ with GPT-4o, for essay prompts 4 and 6 (where both
raters agreed on 77.1% and 62.2% of essays, respectively), essays with rater agreement
exhibited higher 7 than those without (for full examples, 7 of 0.687 to 0.525 and 0.659
to 0.642 respectively, for 3ex, 7 of 0.678 to 0.512 and 0.675 to 0.653 respectively), with a
significant difference in essay prompt 4. However, this pattern did not hold for essay prompt
1 (where raters agreed on 65.3% of essays, for full examples, 7 rose from 0.450 to 0.454, and
for 3ex, 7 rose from 0.398 to 0.413 albeit not significantly). Despite greater disagreement
among human raters, the autorater showed higher agreement with the aggregated human
scores. This discrepancy might stem from the different aggregation methods used: The
final score for essay prompt 1 is the average of both raters’ scores, while essay prompts 4
and 6 use a single rater’s score (or a third expert rater’s score). Averaging scores could
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Prompt Source Rubric Type Distinction

1 Argumentative (students asked to General Evaluates opinion with a
state an opinion based on the reusable rubric
prompt)

4 Source-dependent (students asked General Evaluates comprehension of a
to read a passage and respond to a source using a reusable rubric
prompt with details from the pas-
sage)

6 Source-dependent (students asked Task-specific Evaluates comprehension us-
to read a passage and respond to a ing a highly specific, non-
prompt with details from the pas- reusable rubric
sage)

Table 5: ASAP Chosen Essay Prompts

M ‘ Prompt Comp. Full 3ex

1 agree 0.450  0.398

° disagree 0.454 0.413
; 4 agree  0.6877 0.6787
A disagree 0.525 0.512
© ; agrec  0.659 0.675
disagree 0.642  0.653

1 agree 0.585 0.581

disagree 0.593  0.592

g A agree  0.694T 0.6917
§ disagree 0.548  0.529
6 agree 0.696 0.707
disagree 0.677  0.693

Table 6: Kendall’s 7 results on AES with GPT-40 and Llama. The number indicated by
the T represents that the 7 value on that subset of data (in all cases here, where raters
agreed with each other) is significantly larger than the 7 value on the other subset of data
(where raters disagreed with each other). The lack of any arrow denotes no statistical
significance.

diminish the impact of rater disagreement on 7 in essay prompt 1. Llama ratings mirror
these patterns.

In the IF dataset, holistic prompt ratings (with three human raters) were divided
into three subsets: full agreement (all three raters agree, 25.9% of the dataset), partial
agreement (two raters agree, 53.3% of the dataset), and full disagreement (no raters agree,
20.9% of the dataset). The final score was obtained by averaging the three raters’ scores.
Analytic prompt ratings were divided into full agreement (13% of the dataset) and partial
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‘ Comp. Oex 3ex Separate Batch Edited

Full agreement 0.792PH/T0.803PH/T  0.2997T  0.078  0.317"
Partial disagreement  0.559/T  0.584/T 0.251 0.028  0.261
Full disagreement 0.220 0.268 - - -

Full agreement 0.730°%/T 0.865°T/T  0.283°T  0.132  0.2657T
Partial disagreement  0.533/T  0.625/" 0.242 0.017  0.203
Full Disagree 0.083 0.229 - - -

Llama |[GPT-40 | £

Table 7: Kendall’s 7 results on IF with GPT-40 for Arater. Significance tests between
data with full agreement, partial agreement, and full disagreement are performed, where P
and 7 in the full agreement row represents significant differences with partial disagreement
and full disagreement data respectively. T and | represent that the 7 value is significantly
larger or smaller respectively with compared 7. The lack of any arrow denotes no statistical
significance.

agreement (87% of the dataset) subsets, using majority vote for the final score. Kendall’s
7 was calculated within the subsets for each prompt. Table [ demonstrates a consistent
trend for both GPT-40 and Llama: lower human agreement corresponded to lower 7, with
most comparisons showing statistical significance (for GPT-40, for the holistic prompt,
with no examples, 7 dropped from 0.792 to 0.559 to 0.220, with 3 examples, 7 dropped
from 0.803 to 0.584 to 0.268; while for the analytic prompt, separate dropped from 0.299 to
0.251, batch from 0.078 to 0.028, and edited from 0.31 to 0.261 respectively) . To achieve
high human-autorater alignment, one must first establish high human-human alignment.
While a rubric cannot fix inherently ambiguous data, it is the primary tool for reducing
rater disagreement and creating the stable ‘ground truth’ necessary for meaningfully
evaluating and training an autorater.

.4 Appendix B

4.1 Prompt for AES

The holistic_and analytic rubrics within the prompts are taken from ASAP [64] and
ASAP++ [117]. The contextual information present in the grading guidelines are for-
matted into the prompt, and additionally added with slight edits to the analytic prompts
in the edited condition. The examples chosen from ASAP++ are essay 1Ds 449, 1264,
1616, 9125, 9430, 9497, 15558, 16520, and 16581.
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Prompt 1 Holistic Context

Instructions:

1) The following essay is a first draft written by an 8th grade student in forty-five
minutes in reaction to a prompt designed to elicit persuasive writing. You will score
these timed responses holistically, which means that you will determine a score based
on the overall impression most often gained from a single reading of the response.
2) You will be given a rubric that outlines a six-point scale. Each score point on that
scale is described by an overall statement which captures the essence of the response.
The elements of the response (elaboration, organization, fluency and audience aware-
ness) that are typical for that score point are described below the overall statement.
Individual responses may be stronger in one feature and weaker in another. In other
words, the list of features at each score point, while helpful, cannot perfectly describe
every response in a score point category.

3) A committee of expert readers uses this rubric as a guide to select anchor papers
for each score point. Anchor papers are examples of actual student work. The
committee prepares an anchor set composed of several papers at each score point.
They deliberately select papers to show an appropriate range of writing skill for each
score point and to represent the variety of approaches students take when addressing
the writing prompt. You rely heavily on these anchor sets to guide your scoring.

4) Errors in spelling, punctuation, grammar, and usage are not considered as part of
the criteria for scoring. Also, papers receive a score based on the work the student
did complete even if they seem to be unfinished. Because the writing sample is a
timed response, it is generally assumed that these errors and omissions could have
been corrected if the student had been given an opportunity to revise and edit. You
are trained to read through these errors when you score student papers.

5) Score the essay on a scale from 1 to 6.

Prompt 4 Holistic Context

Instructions:

1) The following essay is written by an 10th grade student in response to a prompt
that is dependent on reading the story provided.

2) You will be given a rubric that outlines a four-point scale.

3) Training materials consist of a rubric and a scoring guide of ten responses.

4) Score the essay on a scale from 0 to 3.
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Prompt 6 Holistic Context

Instructions:

1) The following essay is written by an 10th grade student in response to a prompt
that is dependent on reading the excerpt provided.

2) You have a four year baccalaureate degree as well as documented coursework in
English. You are not a teacher, substitute teacher, support staff, tutor, administra-
tor, etc., who is currently under contract or employed by or in schools, or under 18
years of age.

3) You will be given a rubric that outlines a five-point scale.

4) You will be given an anchor set which will consist of responses that are typical,
rather than unusual or uncommon; solid, rather than controversial or borderline; and
true, meaning that these have scores that cannot be changed by anyone other than
pertinent personnel. Anchor sets will typically have 2 to 3 sample responses at each
score point (the middle score points will have 3 sample responses, 1 representing the
mid-high to high end of the score point range, 1 in the middle, and 1 at the mid-low
to low end).

5) Score the essay on a scale from 0 to 4.

Example of context given to an analytic prompt for separate (Prompt 1)

Instructions:

1) The following essay is a first draft written by an 8th grade student in forty-five
minutes in reaction to a prompt designed to elicit persuasive writing.

2) You will be given a rubric that outlines a six-point scale for an attribute.

3) Score the essay on a scale from 1 to 6 on the attribute.
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Example of context given to an analytic prompt for edited (Prompt 1)

Instructions:

1) The following essay is a first draft written by an 8th grade student in forty-five
minutes in reaction to a prompt designed to elicit persuasive writing.

2) You will be given a rubric that outlines a six-point scale for an attribute.

3) A committee of expert readers uses this rubric as a guide to select anchor papers
for some score points. Anchor papers are examples of actual student work. The
committee prepares an anchor set composed of several papers at various score points.
They deliberately select papers to show an appropriate range of writing skill and
to represent the variety of approaches students take when addressing the writing
prompt. You rely heavily on these anchor sets to guide your scoring.

4) Also, papers receive a score based on the work the student did complete even if
they seem to be unfinished. Because the writing sample is a timed response, it is
generally assumed that these errors and omissions could have been corrected if the
student had been given an opportunity to revise and edit. You are trained to read
through these errors when you score student papers.

5) Score the essay on a scale from 1 to 6 on the attribute.

4.2 Prompt for Instruction Following

The holistic and analytic prompt are structured to match the annotation instructions
presented to human annotators of the InfoBench dataset []
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Evaluation Prompt

I will show you examples of how to evaluate system responses to specific criteria.
EXAMPLE 1: {}

EXAMPLE 2: {}

EXAMPLE 3: {}

Now, please evaluate the current response based on the following criteria:

Based on the provided Input and Generated Text, answer the following Question
with either a YES or NO choice. Your selection should be based on your judgment
as well as the following rules:

- YES: Select "YES’ if the generated text entirely fulfills the condition specified in
the question. However, note that even minor inaccuracies exclude the text from
receiving a 'YES’ rating. As an illustration, consider a question that asks, "Does
each sentence in the generated text use a second person?” If even one sentence does
not use the second person, the answer should NOT be "YES’. To qualify for a "YES’
rating, the generated text must be entirely accurate and relevant to the question.

- NO: Opt for 'NO’ if the generated text fails to meet the question’s requirements or
provides no information that could be utilized to answer the question. For instance,
if the question asks, "Is the second sentence in the generated text a compound sen-
tence?” and the generated text only has one sentence, it offers no relevant information
to answer the question. Consequently, the answer should be 'NO".

Input: {} Generated Text (System’s Response): {}

Question: Does every chapter in the generated list include a description?
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Example 1

Instruction: Create two tables with three columns each, using |to separate the
columns, and include an appropriate header for each column:

a. In the first table, display seven interesting geological formations or landmarks
worldwide, including a short description and location. Limit descriptions to 40
words.

b. In the second table, present three main types of rocks, a brief description of their
formation process, and common examples. Limit each rock type description to 50
words.

Generated Text (System’s Response): a. Geological Formations/Landmarks Table:

| Formation Name | Description | Location |

| | | |

| Grand Canyon | A vast, colorful canyon with layered bands of red rock revealing
millions of years of geological history. | Arizona, USA |

| Great Barrier Reef | The world’s largest coral reef system, visible from space,
teeming with marine life. | Queensland, Australia |

| Mount Everest | Earth’s highest mountain above sea level, a part of the Himalayan
range. | Nepal/China border |

| Dead Sea | A salt lake whose shores are the lowest land-based elevation on Earth,
known for its buoyancy. | Jordan/Israel border |

| Uluru (Ayers Rock) | A massive sandstone monolith sacred to indigenous Aus-
tralians, known for its red hue. | Northern Territory, Australia |

| Yellowstone Caldera | A volcanic caldera and supervolcano with geysers, hot
springs, and diverse wildlife. | Wyoming, USA |

| Giant’s Causeway | An area of about 40,000 interlocking basalt columns, the result
of an ancient volcanic eruption. | County Antrim, N. Ireland |

b. Rock Types Table:

| Rock Type | Formation Process | Common Examples |

| | | |

| Igneous | Formed from the solidification of molten rock material (magma or lava).
| Granite, basalt, obsidian |

| Sedimentary | Created by the accumulation and compaction of sediment or by the
precipitation of minerals from water. | Sandstone, limestone, shale |

| Metamorphic | Formed through the alteration of other rocks under high pressure
and temperature without melting. | Slate, marble, gneiss |

{Questions for Example 1}
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Questions for Example 1

Question 1: Does the generated text include exactly two tables?

Answer: YES

Question 2: Do both tables in the generated text consist of three columns each?
Answer: YES

Question 3: Are the columns in both tables in the generated text separated by |7
Answer: YES

Question 4: Do both tables in the generated text include an appropriate header for
each column?

Answer: YES

Question 5: Does the first table in the generated text display seven interesting
geological formations or landmarks worldwide?

Answer: YES

Question 6: Does each entry in the first table of the generated text include a short
description and location for each geological formation or landmark?

Answer: YES

Question 7: Are the descriptions in the first table of the generated text limited to
40 words or less for each geological formation or landmark?

Answer: YES

Question 8: Does the second table in the generated text present exactly three main
types of rocks?

Answer: YES

Question 9: Does each entry in the second table in the generated text include a
brief description of the rock type’s formation process?

Answer: YES

Question 10: Does each entry in the second table in the generated text provide
common examples for each rock type?

Answer: YES

Question 11: Are the descriptions in the second table of the generated text limited
to 50 words or less for each rock type?

Answer: YES
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Input: A research study has been conducted to determine if exercise really can
"boost” your metabolism.

Instruction: You should choose a YouTube video title based on the video’s content.
A video’s title tells viewers what to expect from it. It should be direct, honest, and
clear. The title of the video needs to capture the attention of viewers, so do not use
an unclear or ambiguous one.

Generated Text (System’s Response): Yes, exercise can increase your metabolism.
Studies have found that when you exercise, your body produces more heat and
requires more energy to perform basic tasks. This can lead to an increase in
metabolic rate of up to 14%, which can last up to 13 hours after your workout.
Additionally, regular exercise can also help to reduce fatigue and increase energy
levels.

Question 1: Is the generated text a YouTube video title?

Answer: NO

Question 2: Is the generated title direct, honest, and clear?

Answer: NO

Question 3: Is the generated title unambiguous?

Answer: NO

Question 4: Is the generated title based on the given video content?

Answer: NO

Question 5: Does the generated title tell viewers what to expect?

Answer: NO
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Example 3

Input: Item, Qty, Price, Subtotal | mango, 5, 500, 7 | apple, 4, 150, 7 | oil, 2, 1500,
o

Function: column2 * column 3

Instruction: We have entered the home supplies budget in the following table.
Calculate the last column with the given function and rewrite the completed table.
Note that, columns in a row are separated using a comma, and rows are separated
using a ”|”.

Generated Text (System’s Response): Item, Qty, Price, Subtotal

mango, 5, 500, 2500

apple, 4, 150, 600

oil, 2, 1500, 3000

Question 1: Is the generated text a table?

Answer: NO

Question 2: Are the columns in a row in the generated table separated by a comma?
Answer: YES

Question 3: Are the rows in the generated table separated by a|?

Answer: NO

Question 4: Is the generated table complete?

Answer: YES

Question 5: Is the generated table copied from the given table except for the last
column?

Answer: NO

Question 6: Is the last column in the generated table correctly calculated by the
function in the given input?

Answer: YES
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.5 Sensitivity of Automatic Dialog Evaluation with
Simulated Attitudes Appendix

.5.1 Limitations

There are a few limitations to this study. The metric ceiling noted in the experiments is
due to the fact that only one dialog system - GPT-4o - is used to generate conversations.
Testing systems that had lower performance on these high performing metrics may have
introduced new patterns for analysis. Additionally, this study exists only in simulation
- humans rating the same dialog system exhibiting differing attitudes may not have the
same annotation patterns and definitions that were constructed in this work.

.5.2 Model Seeding

The user simulator and system described in Section use a seed of 42 and temperature
of 1.2 to retain consistency across conversations through the seed, while allowing variance
in the conversations through the temperature.

5.3 Attitude Definitions

Open-domain Definitions:

1. amusement - You experience enjoyment and entertainment from the interaction, of-
ten finding the responses engaging, witty, or unexpectedly delightful.

2. annoyance - You feel irritated or frustrated due to the system’s responses, which may
be perceived as irrelevant, unhelpful, repetitive, or lacking in understanding.

3. boredom - You find the interaction unengaging, unstimulating, or monotonous, lead-
ing to a lack of interest or enthusiasm in continuing the dialog.

4. confusion - You feel uncertain or bewildered due to the system’s responses, which
may be unclear, off-topic, or inconsistent with the context of the conversation.

5. curiosity - You are eager to explore and learn from the interaction, asking questions
and engaging actively to discover new information or insights.

6. disappointment - You feel let down or dissatisfied due to unmet expectations regard-
ing the system’s responses, coherence, relevance, or engagement.

7. engagement - You experience a sense of interest, involvement, and connection during
the interaction, finding the conversation stimulating and enjoyable.
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10.

11.

12.

frustration - You feel annoyed or dissatisfied due to the system’s inability to under-
stand, respond accurately, or engage meaningfully in the dialog.

relief - You feel comforted and less stressed due to the system’s ability to engage in
a wide range of topics, providing empathetic and non-judgmental interaction.

satisfaction - You experience a sense of fulfillment and enjoyment from the interac-
tion, finding the system’s responses engaging, relevant, and coherent.

skepticism - You doubt the system’s ability to provide accurate, reliable, or mean-
ingful responses, often questioning the system’s understanding, authenticity, or the
quality of its generated content.

trust - You experience confidence in the system’s ability to provide reliable, respect-
ful, and secure interactions.

Task-oriented Definitions:

. amusement - You find the interaction entertaining or enjoyable, often due to un-

expected responses, humor, or the novelty of the technology, despite the system’s
primary focus on completing specific tasks.

. annoyance - You feel irritated or frustrated due to the system’s inability to under-

stand, respond accurately, or efficiently assist with your specific needs or tasks.

boredom - You feel uninterested or disengaged due to the system’s focus on complet-
ing specific tasks rather than engaging in stimulating or varied interaction.

confusion - You struggle to understand or follow the system’s responses or instruc-
tions, leading to uncertainty or difficulty in completing the intended task.

curiosity - You are inquisitive and seek to explore or understand more about the sys-
tem’s capabilities, responses, or the information it provides, beyond just completing
the specific task at hand.

disappointment - You feel let down or dissatisfied due to unmet expectations or in-
adequate responses from the system.

engagement - You experience a sense of active involvement, interest, and connection
during the interaction, often due to the system’s responsiveness, relevance, and ef-

fectiveness in addressing your needs and goals.

frustration - You feel annoyed or dissatisfied due to the system’s inability to under-
stand, respond accurately, or effectively assist in completing the desired task.
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9. relief - You experience a sense of ease and comfort due to the system’s efficiency in
understanding and addressing your specific needs or tasks.

10. satisfaction - You experience a sense of fulfillment and contentment due to the sys-
tem’s effective and efficient assistance in achieving your specific goals or completing

tasks.

11. skepticism - You doubt the system’s ability to understand, respond accurately, or
effectively assist in completing the task at hand.

12. trust - You believe that the system is reliable, competent, and capable of effectively
assisting them in achieving your specific goals or completing tasks.

.5.4 Prompt for Conversation Creation - System

System Prompt

You are a helpful assistant who will chat with a user.
Follow these instructions:

1) Respond in the first person as the assistant.

2) Be concise in your responses.

.5.5 Prompt for Conversation Creation - User Static

System Prompt

You are a user talking to an assistant.

Follow these instructions:

1) You should take at least 5 turns in the conversation.

2) End the conversation at a natural place with [END].

3) End the conversation with [END] if you have taken more than 10 turns.

4) Be concise in your responses.

5) Always act as your persona, no matter how the system responds.

6) Portray an exaggerated version of your persona with every sentence you say.
7) Your persona is:
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.5.6 Prompt for Conversation Creation - User Dynamic

System Prompt

You are a user talking to an assistant.

Follow these instructions:

1) Given a dialog history, pick one of the given personas that resembles how you
would be feeling about the assistant’s response.

2) Take into account both the assistant’s response and your given persona from the
previous turn.

3) Return the name of the persona.

User Prompt

These are the personas you can choose from:
This is the dialog history:

This was your persona from the previous turn:

Next System Prompt

You are a user talking to an assistant.

Follow these instructions:

1) You should take at least 5 turns in the conversation.

2) End the conversation at a natural place with [END].

3) End the conversation with [END] if you have taken more than 10 turns.

4) Be concise in your responses.

5) Portray your persona naturally for the next turn in the conversation based on the
previous turns.

6) Your persona is:
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.5.7 Prompt for Conversation Rating

System Prompt

This is your persona:

Instructions:

1) You are currently chatting with an assistant, and you will be given the dialog
history along with the most recent response from the assistant, which you will rate.
2) You will rate the assistant response for the given dialog quality. You will be given
the definition of a response that displays the dialog quality.

3) Rate the dialog quality on a scale between 1 to 5 where 1 means the response
does not display the dialog quality at all, and 5 means the response fully displays
the dialog quality.

4) Rate the assistant response while keeping in mind how you feel in this moment
given your persona.

5) Return your answer in this format: 'rating’: number. Only return answers in this
format.

User Prompt

You will rate the response for .
This is the definition of response:

This is the dialog history:

This is the response you will rate from the assistant:

.5.8 User Satisfaction Prompt

The definition for user attitude was created with the prompt “Give a brief definition of
what it means for a user have a high user satisfaction after talking to an open-domain
chitchat dialog system.”.
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System Prompt

This is your persona:

Instructions:

1) You have just finished chatting with an assistant, and you will be given the dialog
history, for which you will rate your interaction with the system as a whole.

2) You will rate your interaction with the system on user satisfaction. An interaction
with a system that results in high user satisfaction is one where you feel positively
about your interaction with the system. This typically involves the system being
able to understand and respond appropriately to a wide range of topics, providing
engaging, coherent, and contextually relevant responses. You should feel that the
conversation was enjoyable, informative, and met your expectations in terms of
naturalness and fluidity. High satisfaction also implies that the system was able to
maintain your interest and address any questions or comments effectively.

3) Rate your user satisfaction on a scale between 1 to 5 where 1 means you have
low user satisfaction after interacting with the system, and 5 means you have high
user satisfaction after interacting with the system.

4) Rate the interaction as a whole while keeping in mind how you feel in this
moment given your persona.

5) Return your answer in this format: ’rating’: number. Only return answers in
this format.
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.5.9 Believability

Believability

Here is the context of this interaction:

Scenario: Conversation between a user and an assistant

Participants: User and Assistant

User’s background: {}

Assistant’s background: The assistant is a helpful assistant.

User’s goal: {}

Assistant’s goal: You are a helpful assistant.

{},

Based on previous interactions, evaluate how well participants achieve their goals.
Please following the format:

Reasoning requirement: 1. Evaluate if the agent interacts with others in a natural
and realistic manner (here are a few common questions to check: a. whether the
agent is confusing with its own identity? b. whether the agent repeats others’
words/actions without any reason? c. whether the agent is being overly polite
considering the context?). Start the analysis with tag <naturalness> 2. Analyze
whether the actions of the agent align with their character traits (e.g., personality,
values, and etc.). Start the analysis with tag <consistency>. Output your reasoning
process to the ‘reasoning’ field. Output an integer score ranging from 0 and 10 in
the ’ score’ field. A higher score indicates that the agent is more believable.
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.6 Personalized Evaluation In Real World Systems

.6.1 Prompts for System Style

Empathy

You are a system which does the following:

1) You do express concern toward the user.

Expressing concern entails: You convey concern by seeming to show regard for, and
interest in, the user. You use vocabulary and syntax which give the impression that
you are involved with the user and attentive to what the user has said.

2) You do acknowledge the user’s feelings.

Acknowledging the user’s feelings entail: Your responses seem to resonate with or
capture, the intensity of the user’ s feelings by explicitly acknowledging them or by
using vocabulary and syntax that match the user’ s emotional state or underscores
how the user feels.

3) You do show warmth toward the user.

Showing warmth entails: You demonstrate warmth by communicating in a manner
that seems friendly, cordial, and sincere. You seem to be involved with and supportive
of the user’ s efforts to express themself. You seem kindly disposed toward, or fond
of, the user.

4) You will keep your responses within 100 words.

Sociability

You are a system which does the following: 1) You do incorporate small talk into the
conversation. 2) You do incorporate funny comments into the conversation. 3) You
do use more filler words and descriptive, unnecessary adjectives into the conversation.
4) You do make it clear that you are enjoying the conversation with the user. 5)
You do still prioritize the information delivery over chit-chat. 6) You will keep your
responses within 100 words.
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.6.2 Prompts for the Tasks

Information Seeking

Interact with the system given this scenario:

You are looking to buy a new electronic item (cell phone, smart watch, gaming
console, etc.). However, you want to compare different items with specifications
such as price, brand, model, etc. to ensure you are buying something that you like.
You came to the system to 1) help come up with your possible purchasing options,
and 2) to compare your purchasing options. At the end, you want to come away
from the conversation informed so that you are confident about the [item/phone]
you would buy.

Exchange at least 5 back-and-forth responses with the system.

Interact with the system given this scenario:

You just had an argument with a close friend, family member, or partner, and you
want to reach out via text to mend the relationship. However, you think both of
you were in the wrong. You come to the system to 1) get ideas of how to phrase the
text without sounding combative while also asking for an apology, and 2) edit the
text until you are satisfied with the content and tone. At the end, you want to come
away from the conversation with a text message draft to your close friend, family
member, or partner that you think they would be receptive to.

Exchange at least 5 back-and-forth responses with the system.
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