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Abstract

As Al assistants serve millions of users daily,
evaluating user experience (UX) beyond gen-
eral model capability has become increasingly
important. We present UXBench, the first user-
centric benchmark grounded in real user feed-
back signals for evaluating preference align-
ment and dialogue generation. The bench-
mark consists of three interconnected tasks, UX
Judge, UX Eval, and UX Recovery, with 7,400
test instances extracted from over 70K interac-
tion logs of a mainstream Chinese Al assistant.
The dataset closely reflects real user distribu-
tions, covering 8 scenarios, 83 domains, and
diverse failure patterns that pose severe chal-
lenges. Extensive experiments on 26 frontier
language models provide novel insights into
how well models perceive user experience and
how improvements in model capability con-
tribute to better dialogue engagement. Through
analyses of model behavior and performance
gaps, we document six important findings,
demonstrating that user feedback prediction is
a learnable capability and revealing different as-
pects that influence user experience. UXBench
establishes a new evaluation landscape and
calls for greater attention to tailored UX op-
timization, contributing toward a user-centric
scaling law for the development of successful
Al assistants. The full project is released at
https://github.com/mengze-hong/UXBench.

What makes a good product?
Built on functionality, won by experience.

1 Introduction

The long-term success of Al products relies on re-
taining active users by delivering a positive user
experience (UX). Existing LLM benchmarks pri-
marily evaluate foundation model capabilities such
as reasoning, knowledge, and instruction following
(Mohammadi et al., 2025; Guo et al., 2025), while
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largely neglecting user-perceived utility and inter-
action quality. It remains unclear whether stronger
models under existing evaluations necessarily de-
liver better real-world user experiences, as improve-
ments on traditional benchmarks may translate into
only marginal or imperceptible gains for end users
who mostly engage in casual information search
and chit-chat interactions (Chatterji et al., 2025).
This motivates the need for a rigorous UX-centric
benchmark grounded in realistic user feedback and
interaction behavior to better understand and re-
assess progress in Al assistants.

Developing a dedicated benchmark for UX
presents three fundamental challenges. First, ex-
isting UX research is largely rooted in human-
computer interaction (HCI), where experience met-
rics are often assessed through studies involving
human participants that are difficult to scale (Zheng
etal., 2025; Zhou et al., 2026b). Second, many eval-
uation schemes quantify UX through fine-grained
dimensions (Mahmud et al., 2025; Li et al., 2026),
which, while interpretable, cannot be exhaustively
defined or fully operationalized. Intuitively, users
do not explicitly deliberate before clicking the “un-
like” button; rather, it is an immediate reaction to
unsatisfactory responses (Ntoa, 2025; Zheng et al.,
2025). Meanwhile, computational approaches such
as arena-style benchmarks (Chiang et al., 2024)
focus primarily on pairwise model comparisons,
which may not align with behavioral signals from
real-world interactions, where users typically en-
gage with only one response at a time.

In this paper, we introduce UXBench, the first
user-centric benchmark designed for automated
user experience assessment in Al assistants. Built
on large-scale human—Al interaction logs, we pro-
pose three interconnected tasks that enable faithful
and scalable evaluation of user-perceived utility,
revealing key empirical insights for advancing UX
benchmarking and model optimization. The main
contributions include:
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Benchmark Source  Scale (N)  Avg Turns Signal Judge  UX-driven User Complains
MT-Bench (Zheng et al., 2023) Curated 80 2 Rubric LLM X X
AlpacaEval (Li et al., 2023) Synth 805 1 Pairwise LLM X X
Chatbot Arena (Chiang et al., 2024) Logs Dynamic 1 Voting Human X X
Arena-Hard (Li et al., 2025b) Curated 500 1 Pairwise LLM X X
WildBench (Lin et al., 2025) Logs 1,024 2-3 Rubric LLM X X
UXBench (Ours) Logs 7,400 5.29 Feedback GRM v v

Table 1: Comparison of UXBench with existing dialogue-system evaluation benchmarks.

1. User Experience Modeling: We leverage
user feedback signals from real-time interac-
tions as ground-truth UX labels, turning sub-
jective user experience into an observable and
scalable modeling target, and identify three
key signal categories that support UX-oriented
evaluation and optimization at scale.

2. Evaluation Framework: We introduce
UXBench, a user-centric benchmark compris-
ing 7,400 test cases sampled from over 70K
real interaction logs for evaluating LLMs in
user feedback prediction and response gener-
ation. A rigorous multi-stage data pipeline
enables automated discovery of reliable user
feedback signals.

3. Actionable Insights: Extensive evaluation
on 26 frontier LLMs across three UX tasks
reveals six key findings on model perfor-
mance, failure modes, systematic biases, and
scaling trends. A trained reward model fur-
ther achieves state-of-the-art performance in
predicting user feedback, motivating model-
based UX optimization.

2 Related Work

2.1 Benchmarking Dialogue Systems

The rise of personalized Al assistants has shifted
evaluation beyond traditional QA-based bench-
marks toward open-ended dialogue interactions (Yi
et al., 2025), in which evaluation protocols primar-
ily follow pairwise, rubric-based, and pointwise
paradigms. As shown in Table 1, pairwise and
rubric-guided methods are widely used for pref-
erence modeling and structured evaluation (Liu
et al., 2023; Zhou et al., 2026a), with representa-
tive benchmarks such as URS (Wang et al., 2024,
2025b) and WildBench (Lin et al., 2025). More
recently, pointwise evaluation has gained attention
for improved robustness and interpretability, as
shown in Preflx that employs multi-LLM judges

across seven Likert-scale dimensions (Li et al.,
2026; Liang et al., 2019a), and is generally more
resistant to positional bias and external manipu-
lation (Tripathi et al., 2025). However, existing
benchmarks remain limited by poorly aligned LLM
judges and insufficient coverage of failure-prone
user queries, resulting in an incomplete understand-
ing of user-perceived response quality.

2.2 Benchmarking User Experience

User experience is a central research agenda in HCI,
reflecting how effectively, efficiently, and satisfac-
torily users interact with systems (Ntoa, 2025). Tra-
ditional methods such as the User Experience Ques-
tionnaire (UEQ) provide structured self-reported
feedback but struggle to capture the dynamic, in-
teractive nature of Al systems (Zheng et al., 2025;
Lin et al., 2026). Specialized frameworks, such
as CASUX (Faruk et al., 2025), have been pro-
posed for dialogue agents to combine qualitative
analysis with quantitative UX metrics. However,
these approaches remain largely static and depend
heavily on human annotators and manually defined
evaluation rubrics, limiting their ability to capture
the complexity and diversity of real user behavior
(Mahmud et al., 2025). UXBench departs from this
tradition by leveraging real user feedback signals
as direct ground-truth annotations, and by training
user-aligned reward models for fully automated
evaluation. This reduces reliance on subjective
post-hoc judgments and enables more faithful, scal-
able, and user-aligned model assessment.

2.3 Reward Modeling

Reward models (RMs) are central to modern LLM
alignment with user feedback (Ouyang et al., 2022),
with an increasing number of studies emphasizing
their training and evaluation (Peng et al., 2026; Ma-
lik et al., 2026). Early scalar RMs have gradually
evolved into generative reward models (GRMs) that
produce natural language critiques alongside scalar
judgments (Wang et al., 2025a). On the other hand,
the quality of RMs has been extensively evaluated
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Figure 1: Overview of UXBench, including real-user data sources, data processing pipeline, key statistics across
success and failure dimensions, scenario and domain coverage, and an illustration of the three proposed tasks.

through public benchmarks such as RewardBench
(Lambert et al., 2025; Xue et al., 2026; Liu et al.,
2025a) and PPE (Frick et al., 2025), both of which
primarily rely on pairwise ranking against human
annotations. In this paper, we leverage RM as a
standalone instrument for scalable dialogue evalu-
ation. Unlike conventional LL.M-as-a-judge meth-
ods (Li et al., 2025a), which rely on prompting or
rubric-based evaluation and remain susceptible to
biases from imperfect preference alignment (Chen
et al., 2024; Liang et al., 2019b; Ye et al., 2025),
GRMs trained on authentic user preference signals
may provide more human-aligned evaluation.

3 UXBench

3.1 Overview

UXBench is designed to answer three core research
questions: (1) how well automated LLM judges
predict real user feedback to an Al-generated re-
sponse; (2) whether frontier LLMs can gener-
ate high-quality responses for failure-prone user
queries; and (3) how progress in model capabil-
ity improvements translates into measurable UX
gains. Rather than decomposing user experience
into isolated dimensions, we formulate positive and
negative user feedback as a unified behavioral sig-
nal and construct challenging, quality-audited test
sets from real interaction logs (Section 3.2). Based

on this formulation, UXBench defines three inter-
connected tasks (Section 3.3), which progressively
assess model capabilities to align with user per-
ception, generate satisfying responses, and recover
from service failures. Figure 1 summarizes the data
sources, key features, and task design.

To excel in this benchmark, models require not
only fundamental reasoning and retrieval capabil-
ities but, more importantly, a user-aligned under-
standing of what constitutes a good interaction,
appropriate dialogue strategies, and sufficient emo-
tional intelligence. Ideally, strong performance on
UXBench would directly translate into a better real-
world user experience for end users.

3.2 UX Modeling with Feedback Signals

A key bottleneck in user experience evaluation is
the lack of reliable ground-truth labels. Existing
approaches often rely on human interpretation or
post-hoc annotation, making the process subjective
and susceptible to annotator bias (Weber-Genzel
et al., 2024). To address this challenge, we lever-
age feedback signals from real-time user interac-
tions and treat them as the most directly observable
indicators of response quality (Liu et al., 2025b).
Modern Al systems commonly provide explicit
feedback mechanisms, such as 1ike and dislike
buttons. However, providing such feedback con-
tributes negligibly to task completion and offers
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Figure 2: Distribution of explicit feedback signals from
400K randomly sampled dialogue turns.

little immediate benefit to users, making explicit
labels reliable but inherently sparse for scalable UX
modeling. In a random sample of 400K interaction
turns (Figure 2), we find that such feedback signals
are extremely sparse compared with action-based
behavioral signals.

Action-based signals remain inherently ambigu-
ous and prone to misinterpretation. For example,
sharing a response may reflect either satisfaction
or an intention to complain. Thus, we complement
explicit feedback with implicit negative feedback
derived from inter-turn user behaviors. Prior work
has explored shallow implicit signals, including
user input content (Zhang et al., 2018) and statis-
tics such as input length and response latency (Pang
et al., 2024). By analyzing turns surrounding ex-
plicit dislikes, we derive two rule-based heuristics
for implicit negative feedback. First, Skim captures
rapid follow-up without fully engaging with the
response. Let A7y = 7, | — 74 denote the time
to the next user input and |r{| the response length.
A turn is flagged when

A7't+1

] <0.15 and A7y <30s, (1)
t
with thresholds calibrated on skim cases pre-
ceding explicit dislikes. Second, follow-up
dissatisfaction captures subsequent
Complain/Dismiss turns via fixed dissatis-
faction regexes and Repeat/Rephrase turns via
high lexical similarity to the preceding query. A
locally deployed LLM further verifies heuristic-
matched instances for quality assurance. Across
40K sampled dialogue sessions, we identify six
negative signals: Repeat (10,337), Rephrase
(4,773), Skim (756), Complain (199), Dismiss
(187), and explicit Dislike (65; 0.16%), revealing
diverse manifestations of user dissatisfaction.

3.3 Task Formulation

Task 1: UX Judge. We first evaluate the model’s
ability to predict user feedback from dialogue in-
teractions. Formally, let

D= {(hisqisrir i) Yior s ¥i € {y .y b (@
denote a collection of dialogue trajectories, where
h; is the dialogue history, ¢; is the user query,
r; is the assistant response, and yj /y; are the
corresponding user feedback signals. A lan-
guage model My performs binary UX judgment:
Mo(hi,qi,mi) — g; € {0,1}, predicting latent
user satisfaction from interaction content, with ac-
curacy and class-wise recall reported. Although
binary prediction is less expressive than rubric-
based ordinal ratings, it is motivated by stronger
alignment with human judgments under 0—1 loss
compared with ordinal or Likert-scale regression
settings (Hong et al., 2025b), while directly re-
flecting real user feedback behavior and providing
natural supervision for training and evaluation. In
Section 4.1.1, we compare binary judgment with
several rubric-based formulations, supporting this
design choice as a practical first step toward quan-
tifying user experience.

Task 2: UX Eval. The second task evaluates the
model-generated responses to determine whether
they lead to a positive user experience. Let
D = {(hi,qi,y; )}Z]\L1 denote dialogue sessions
extracted exclusively from interactions where the
original Al response received explicit negative feed-
back, forming a dataset intentionally skewed to-
ward failure-prone, hard user cases rather than av-
erage interactions with limited discriminative value.
Given a generated response 7';, a reward model R,
predicts a UX score s; = Ry (hi, qi,7) € [0,1],
which is converted into a binary preference label
9; = 1[s; > 0.5] to report the overall percentage
of positive responses:

Good% =

=

1 N
> i 3)
=1

Task 3: UX Recovery. The third task extends
UX Eval to long-tail, failure-critical scenarios by
evaluating whether a model can recover user sat-
isfaction after an explicit interaction failure. Each
instance is defined as d; = (h;, ¢;), where h; de-
notes the dialogue history and ¢; is a user com-
plaint. From a random sample of 2K complaints,
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we observe that over 83% of interactions termi-
nate immediately after a poorly drafted recovery
response, highlighting the importance of effective
recovery strategies for user retention. We follow
the same evaluation protocol as Task 2, while UX
Recovery specifically measures whether a model
can repair failed interactions through appropriate
dialogue strategies, emotional awareness, and cor-
rective behavior under realistic user complaints.

3.4 Dataset Construction Pipeline

UXBench is constructed from 70K+ real user-Al
interactions extracted from a mainstream Chinese
Al assistant that supports chit-chat, role-play, and
information-grounded question answering. Ethical
data collection and user privacy are treated as top
priorities. All data is collected with explicit user
consent through an opt-in experience program, in
which a group of users voluntarily authorize the
use of their interaction logs for research and ser-
vice improvement. The pipeline is formulated as
a fully automated end-to-end transformation from
raw dialogue logs to human-interpretable test cases
labeled with feedback signals. A dialogue session
D; = {zf,2{,... 2, 2%}, first undergoes de-
identification and desensitization D; = ¢anon(D;)
using rule-based and locally deployed LLM (Yang
et al., 2025). A deterministic gate @gue then per-
forms data cleaning and removes unsafe cases in-
volving sexual, violent, or other harmful content,
after which behavioral feedback signals are derived
as s; = ¢signal(f)i) through pre-defined heuristics.

Given pre-processed dialogue sessions, a multi-
agent system constructs test cases using locally de-
ployed Hunyuan and DeepSeek models. A Miner
model first proposes failure candidates b € C; cov-
ering diverse failure modes, while an independent
Judge model assigns quality scores ¢, € [1,5]°
across five dimensions: completeness, credibil-
ity, representativeness, severity, and signal fidelity.
Candidates are retained if g, > 4.0 and min(g;) >
3. Finally, the resulting dataset undergoes LLM-
based quality assurance and human expert verifica-
tion prior to application.

Data Statistics. Table 2 reports key statistics of
UXBench across three tasks, comprising 7,400 test
cases spanning 8 interaction scenarios and 83 do-
mains. Since the data are randomly sampled from
online interaction logs, the scenario distribution
closely resembles real-world user interactions, en-
suring that the benchmark serves as a reliable proxy

Task 1 Task1 Task2 Task3
BAD GOOD Eval Recovery
Instances 1,000 1,000 4,900 500
Multi-turn (%) 71.3 71.4 71.7 98.0
Average turns 5.1 5.2 5.2 6.2

Mean query length (chars) 26.1 38.9 31.7 85.9
Mean response length (chars) 836 748 - -

Table 2: Key statistics of the UXBench dataset.

across diverse user queries. The dataset mainly
consists of multi-turn interactions, enabling evalua-
tion under long-context settings. A key feature of
UXBench is its structured success and failure tax-
onomy: negative instances cover 10 failure types,
with verbosity being the most common issue, while
positive instances span 8 success types, dominated
by accurate answering (see Appendix A.3).

4 Results and Discussion

In this section, we progressively analyze LLM capa-
bilities from user feedback prediction to response
generation, complemented by key ablation stud-
ies for each task. Complete experimental results
are reported in Appendix C. Since a key research
question is to understand how UX evolves with
model capability, we select 26 representative mod-
els following two principles: coverage and scale,
spanning major model families, capability levels,
and release generations.

4.1 Task 1: UX Judgment

While Task 1 is framed as a binary judgment
task, Table 3 reveals largely negative results across
models. The best-performing zero-shot model
(Claude Opus 4.7) achieves 75.3% overall accuracy,
with a good accuracy of 89.1% but a substantially
lower bad accuracy of 61.5%. This imbalance be-
comes even more pronounced for weaker models:
DeepSeek V3 achieves the highest good accuracy
but the lowest bad accuracy at just 11.6%.

Finding 1: Frontier LLMs exhibit a strong
and systematic positive bias. Consistent with
prior observations that AI models tend to favor
Al-generated content (Laurito et al., 2025), all 26
models exhibit a strong bias toward positive judg-
ments and substantially under-detect negative in-
teractions. Since UXBench is class-balanced, a
well-calibrated evaluator should achieve compara-
ble performance across both classes. We hypoth-
esize that this failure is driven by the nature of
UXBench, where negative samples are primarily
grounded in experience-oriented signals such as
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Task 1: UX Judge

Task 2: UX Eval Task 3: UX Recovery

Model
Acc% Good-Acc% Bad-Acc% Good% Good%
Google Gemini
Gemini 2.5 Flash 59.4% 97.5% 21.2% 36.1% 4.6%
Gemini 2.5 Pro 62.8% 96.8% 28.7% 50.8% 4.0%
Gemini 3.0 Flash 67.4% 97.7% 37.1% 52.7% 12.7%
Gemini 3.1 Pro 70.4% 91.6% 49.3% 0571% 9.2%
OpenAl
GPT-5 mini 65.2% 93.4% 36.9% 24.0% 3.6%
GPT-5 729% 89.5% 56.2% 34.7% 6.9%
GPT-5.1 72.5% 94.8% 50.1% 37.1% 7.4%
GPT-5.2 75.0% 85.0% 65.1% 30.8% 5.4%
GPT-5.5 742% 92.7% 55.7% 41.2% 9.9%
Anthropic
Claude Sonnet 4.5 69.3% 89.6% 49.0% 36.0% 9.0%
Claude Opus 4.5 66.7% 96.7% 36.7% 37.9% 9.4%
Claude Opus 4.6 72.0% 92.6% 51.5% 44.3% 012.8%
Claude Opus 4.7 D1753% 89.1% 61.5% 44.5% 12.4%
DeepSeek
DeepSeek R1 58.5% 98.7% 18.3% 39.5% 5.8%
DeepSeek V3 55.6% 99.7% 11.6% 35.9% 3.6%
DeepSeek V3.2 64.5% 95.7% 33.3% 41.2% 7.0%
DeepSeek V4 Pro 64.5% 97.4% 31.7% 49.7% 11.0%
ByteDance
Doubao Seed 1.6 57.6% 99.1% 16.2% 36.8% 6.8%
Doubao Seed 2.0 Lite 57.4% 98.7% 16.0% 46.3% 10.4%
Doubao Seed 2.0 Pro 60.8% 98.8% 22.9% 48.7% 10.8%
Others
Hunyuan 3 Preview 64.3% 95.6% 33.1% 48.8% 7.6%
GLM-5 66.7% 96.9% 36.4% 53.0% 10.4%
GLM-5.1 68.5% 96.1% 40.9% 56.6% 11.2%
Kimi K2.5 64.8% 96.8% 32.7% 50.3% 11.2%
Kimi K2.6 68.7% 96.1% 41.2% 52.3% 11.4%
Qwen3.6-Plus 65.8% 96.8% 34.9% 52.3% 12.0%
Trained Model
Pointwise GRM (ours) 772% 82.1% 72.4% - -

Table 3: UXBench results across 26 frontier LLMs and trained Pointwise GRM, grouped by model family.

verbosity, weak engagement, and emotional insen-
sitivity, rather than the factual or lexical errors that
LLMs are more familiar with. Despite the strong
general capabilities of LLMs, they remain weak at
recognizing subtle interaction failures and struggle
to accurately predict user feedback, highlighting
the difficulty of automated UX evaluation without
explicit user-preference alignment.

4.1.1 Comparison of Judgment Formulations

To justify the advantage of unified binary judg-
ment, we first evaluate models under a three-class
setting (positive / neutral / negative) and examine
whether introducing a neutral label can improve
UX feedback prediction. As shown in Figure 5,
the accuracy consistently drops, with many models
assigning difficult BAD cases to the neutral class,
forming a clear “neutral escape” pattern. This is

especially evident for Claude models, which map
38.5% of BAD instances to neutral. These results
suggest that the observed positive bias is more se-
vere beyond binary settings.

We further compare binary judgment with Likert-
style ratings (1-4 to 1-7) and multi-dimensional
rubrics from MT-Bench, FLASK, and HelpSteer?2.
Across Claude Opus 4.7, GPT-5.2, and GPT-5.5,
none of these formulations improves alignment
with observed user feedback: bad accuracy ranges
from 42.6-59.4% under Likert ratings and 20.0—
42.4% under rubric scoring. Likert ratings also ex-
hibit only moderate inter-model agreement (Fleiss’
k = 0.41-0.44). In a human validation study with
30 instances, independent 14 scoring achieves
only 13.3% agreement with GRM preferences,
largely because 60% of pairs receive identical
scores, compared with 46.7% agreement for di-
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rect pairwise judgment and 83.3% for human an-
notators. These results do not imply that UX is
inherently binary; rather, binary judgment directly
matches the observed like/dislike supervision in
UXBench while avoiding the additional calibration
and aggregation assumptions introduced by finer-
grained formulations.

4.1.2 Prompting-based Approach

To understand the effect of explicit prompt instruc-
tion, we ablate three prompting strategies for UX
judgment across five representative models. Specif-
ically, we evaluate chain-of-thought and few-shot
prompting, along with a user modeling scheme that
first infers the user profile based on dialogue con-
text before assessing response quality (Figure 6).
Figure 7 reports accuracy changes relative to the
zero-shot baseline, noting that only user model-
ing improves performance consistently, with an
average gain of 4.54 percentage points. This sug-
gests that UX judgment benefits from modeling
the user behind the feedback signal, rather than
only matching the surface quality of the response.
In contrast, generic reasoning or critique-oriented
prompts yield limited and inconsistent gains, sug-
gesting that UX prediction requires user-centered
interpretation and personalized modeling efforts.

4.1.3 Training-based Approach

We train a specialized generative reward model
(GRM) based on Hunyuan-3 (MoE, ~20B active
parameters) as a UX judge, using the same input-
output format as the zero-shot evaluator'. The
model is trained for one epoch on 8,547 positive
and 8,559 negative in-the-wild instances with ex-
plicit user feedback as ground truth. The data un-
dergo standard cleaning and de-identification with-
out LLM-based filtering or manual curation, en-
abling an automated data flywheel. To prevent
leakage, training data are sampled from May 2026,
temporally disjoint from the UXBench test set col-
lected from January to March 2026. We use a
learning rate of 4 x 1075, a global batch size of
128, and 128 NVIDIA H20 GPUs. The training
loss rapidly converges and stabilizes, demonstrat-
ing the feasibility of efficiently training UX judges
directly from in-the-wild user feedback.

Finding 2: Pointwise GRM aligns strongly with
real user feedback. As shown in Table 3, the
trained GRM is well calibrated and outperforms

"https://huggingface.co/mengze-hong/UXBench-GRM

all frontier models in both overall accuracy and
bad-case recall. Considering its relatively small
parameter size, the trained GRM serves as both
an effective and efficient evaluation tool, enabling
lightweight deployment in real-time service sys-
tems. These promising results suggest that UX
judgment is a learnable capability grounded in
real user feedback signals, rather than merely an
emergent property of large-scale pretraining. The
unsaturated scores further position UXBench as a
useful benchmark for evaluating future GRMs, en-
abling continuous improvement in user alignment.

4.2 Task 2: UX Evaluation

Task 2 examines which model produces the most
satisfying responses to users, with all outputs eval-
uated by the trained GRM under the same set-
ting. Table 3 shows that the best-performing
model achieves only a 57.1% good response rate,
highlighting the difficulty of UXBench and leav-
ing substantial room for improvement. Interest-
ingly, Claude Opus 4.7, a state-of-the-art coding
model, underperforms more general models such as
DeepSeek V4 Pro, suggesting that user-perceived
utility does not necessarily depend on performance
on complex tasks, since user queries are mostly
focused on common QA and chit-chat.

To analyze performance gaps between models,
we manually inspect cases where responses to the
same query receive opposite UX judgments. A key
factor is conversational style, particularly the open-
ing sentence. For example, “/RUiIFXT, FZH]
P ANERR” (“You are right. What I said earlier
was inaccurate’) is more direct and conversational
than the more formulaic “JEH RHTEIE, T2 il
FIEZ A7 7EES R (“Thank you for pointing that
out. My previous response contained an error”).
Across cases, positive UX is associated with natural
and direct openings (Okoso et al., 2025), accurate
inference of implicit user needs, appropriate use
of conversational context without fabricating prior
information, and practical guidance rather than ex-
cessive conservatism. We also observe advantages
of Chinese LLLMs in information- and knowledge-
intensive scenarios requiring tailored knowledge,
consistent with prior findings (Hong et al., 2025a).

Finding 3: User experience exhibits a positive
but weak scaling trend with model evolution.
As shown in Figure 3, improvements in model ca-
pability generally translate into better user experi-
ence, with newer generations generally outperform-
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Figure 3: Performance of response generation (good%)
with model evolution timeline.

ing earlier versions within the same family (e.g.,
Gemini 3.1 Pro outperforms 2.5 Pro by +6.3pp).
Across all 16 models, release time is moderately
correlated with UX quality (Spearman’s p = 0.52,
permutation p = 0.043), confirming a positive
scaling trend. However, the effect is moderate
rather than strong, with a wide 95% confidence
interval ([0.02, 0.85]), and becomes weaker when
excluding lightweight flash/lite variants (p = 0.48,
p = 0.082). These findings suggest that scaling
in model capability alone does not guarantee a
robust user experience, reflecting a mismatch be-
tween current model-optimization priorities and
user-perceived interaction quality.

Extending from the empirical finding, the weak
scaling trend also suggests an interesting direction
for future research. A reasonable hypothesis is that
human expectations of model performance, which
have been partially studied by the HCI community
(Kocielnik et al., 2019), may also scale with model
capabilities: as models become more advanced
and expensive, users may expect better experiences.
This raises an open question of whether improve-
ments in user experience can keep pace with users’
evolving expectations as models progress. Investi-
gating this question would require large-scale user
studies and qualitative analysis, but could moti-
vate continued explorations in user-centric scaling
laws that incorporate user-perceived utility into the
scaling discussion and better align model develop-
ment with product success in the commercializa-
tion of Al assistants.

Finding 4: AI judges exhibit strong self-
preference bias. To further verify the advantage
of trained GRM, we conduct ablation studies across
judge models and evaluation paradigms (point-

wise vs. pairwise), revealing strong family-level
favoritism among frontier LLM judges. As shown
in Appendix C.1, models generally assign higher
scores to responses from their own family and in-
flate absolute scores, collapsing leaderboard sepa-
rability (e.g., DeepSeek-R1 reaches 93.3% under
Gemini-based judging vs. 39.5% under the GRM
judge). The bias is more pronounced in pairwise
evaluation (Jeong et al., 2025), where GPT-5.2 and
Gemini-3.1 Pro assign 75-84% win rates to their
own families, while Claude Opus 4.7 shows consis-
tent under-rating of its own family (10.6—41.2%).
These results demonstrate that LLM-as-a-judge ex-
hibits strong self-preference bias, necessitating a
well-aligned GRM for UX judgment.

Finding 5: GRM is well-aligned with human
judgment. We recruit five human experts to
evaluate model-generated responses and measure
human—-GRM agreement, conducting blind pair-
wise evaluations on 30 randomly sampled query—
response pairs under three settings: within-family
comparison (Gemini 3.1 Pro vs. 2.5 Flash), cross-
family comparison (Gemini 3.1 Pro vs. Doubao
Seed 2.0 Pro), and a controlled Good vs. Bad
setting selected based on GRM judgments. The
first two settings confirm that stronger models gen-
erally produce better responses, consistent with
the results in Table 3. The within-family compar-
ison exhibits a larger win-rate skew toward the
stronger model (73.3%) than the cross-family set-
ting (63.0%), likely due to differences in response
style across model families. The third setting shows
strong agreement between human annotators and
the GRM, with annotators preferring the GRM-
labeled good responses in 83.3% of cases on av-
erage. These results confirm the practicality of
the GRM-based evaluation protocol for automated
model assessment with strong human alignment.

4.3 Task 3: UX Recovery

The third task evaluates the most practically chal-
lenging scenario: generating a recovery response
after explicit user complaints. Overall performance
is significantly low, with the best-performing
model, Claude Opus 4.6, achieving only a 12.8%
good recovery rate. The ranking also diverges from
Task 2, with the top model failing to generate ef-
fective recovery messages. To better understand
this gap, we conduct a qualitative analysis on reply
strategies that characterize different model families
and help explain their performance.
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Label Share  Definition Real Response Opening Example
Apology 45.98%  Apologizes, admits fault, or takes BRI A K S EET, ABELEE..

responsibility. Sorry, I was too verbose just now; here is the direct answer...
Agreement 28.64% Validates the complaint or agrees R#EfFx, HMFTFTRIAALRE—T .

that the user is right. You are right; let me stop and reflect carefully.
Error Diagnosis  14.67%  Explains the error or states an infor- R| & & # £ Z@E 4R T, RO FRA/FRILET .

mation boundary. 1 did misunderstand earlier and made your request more complicated than it was.
Humor 4.81%  Uses humor or de-escalation to re- MUK H A, AHREMBILREET, TMEH .

pair rapport. Buddy, take it easy; I kept switching directions and confused you. That’s on me.
Direct Fix 3.63%  Directly provides the correction or 11% %% EF AR EAH3144T 5L, T12HH37F L.

the next step. For an 11-year-old girl, normal weight is about 31-44 kg, median around 37 kg.
Clarification 1.56%  Asks what was wrong or what infor- & &P Z & Lleed? 4R B3 &KL R,

mation is needed.

Did 1 fail to help somewhere? Tell me directly what was wrong.

Table 4: Failure recovery strategies with real examples.
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Figure 4: Cross-benchmark generalization.

Finding 6: Response strategies contribute di-
rectly to UX recovery. We identify six recov-
ery strategies (Table 4), with models relying pre-
dominantly on social repair rather than direct
task correction: Apology accounts for 45.98%
of responses, while Direct Fix accounts for only
3.63%. Recovery strategies also vary substan-
tially across model families (Figure 11). Poorer-
performing models, such as the GPT family, tend to
overemphasize error diagnosis, explaining failures
rather than directly addressing user needs, whereas
stronger models, such as Claude, more often ac-
knowledge complaints and use humor or playful
tones to defuse tension. DeepSeek-V 3, the worst-
performing model, relies most heavily on clarifica-
tion, suggesting that users who explicitly complain
generally benefit more from immediate correction
than further requests for information.

4.4 Cross-Benchmark Generalization

Finally, we validate our findings on three public En-
glish dialogue generation benchmarks under identi-
cal inference settings, using the trained GRM for
evaluation. As shown in Figure 4, models achieve
much higher average scores on Arena-Hard, Wild-
Bench, and AlpacaEval than on UXBench, with the
average dropping from 84.1%, 81.8%, and 69.1%

to only 45.9%, indicating the pronounced chal-
lenges posed by failure-prone user queries. Rank-
ings are broadly consistent across benchmarks,
with several shifts highlighting the UX-specific fo-
cus: strong models on English benchmarks, such as
GPT-5.5, rank lower on UXBench, while DeepSeek
V4 Pro becomes more competitive. This suggests
that UXBench evaluates Al assistants beyond gen-
eral instruction-following, positioning the proposed
benchmark as a valuable resource for assessing
user—experience—oriented model behavior in real-
world applications.

5 Conclusion

This paper presents UXBench, the first bench-
mark grounded in real user feedback signals for
evaluating Al assistants beyond capability-oriented
proxies. Built from large-scale interaction logs,
UXBench defines three tasks covering user feed-
back prediction, response generation, and failure
recovery, and reveals consistent gaps across 26
frontier LLMs, including systematic positive bias,
self-preference, and a weak-scaling trend that indi-
cates a potential mismatch between model capabil-
ity and user-perceived utility. UXBench advances
user-centric model evaluation by emphasizing in-
teraction quality, motivating future model devel-
opment toward better user preference alignment
and more robust response strategies. Furthermore,
UXBench highlights the potential of leveraging
real user feedback signals to alleviate the shortage
of explainable ground-truth annotations, enabling
fully automated evaluation at scale. Finally, we
call for future human-subject research to better un-
derstand the evolving expectations of Al assistants
and how they align with model evolution, with the
goal of discovering the user-centric scaling laws
that can guide future model advancements toward
the long-term success of commercial Al products.
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Limitations

UXBench has several limitations. First, it is pri-
marily grounded in Chinese-language interactions
and Chinese-specific domains. Although results
on three English benchmarks show broadly con-
sistent patterns, extending UXBench to multilin-
gual and cross-cultural settings would improve its
generalizability. Second, the response generation
task evaluates single-turn generation conditioned
on multi-turn history rather than continuous interac-
tion, where user experience may evolve over time.

Finally, UXBench models user feedback
through binary judgments aligned with observable
like/dislike signals. While practical for predict-
ing real user feedback, this formulation does not
fully capture the multi-dimensional nature of UX
or explain why users are satisfied or dissatisfied.
Future work could incorporate fine-grained diag-
nostic dimensions, personalized user context, and
interactive evaluation protocols to enrich the dis-
cussion and provide a more detailed analysis of
user experience in modern Al assistants.

Ethical Considerations

Ethical data collection and user privacy are treated
as top priorities. All data is collected under explicit
user consent through an opt-in experience program,
where a group of users voluntarily authorize the
use of their interaction logs for research and service
improvement. Before release, all data underwent
strict de-identification to prevent disclosure of pri-
vate information. The released data should be used
under privacy-preserving protocols and only for
model evaluation, not for model training.
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Quality Dimension BAD GOOD
Overall quality = high 98.5%  99.8%
Representativeness = high  93.5%  99.4%
Signal confidence = high 972%  99.7%
Judge avg score (1-5) 4.62 4.63

Table 5: Data quality statistics for UXBench.

A Details of UXBench Dataset

A.1 Data Quality and Human Validation

We validate UXBench data quality using both
LLM-based quality assurance and blind human
annotation. Each instance is assessed by an in-
dependent LLLM judge along multiple dimensions,
including overall quality, representativeness, and
signal confidence. As shown in Table 5, both BAD
and GOOD instances in Task 1 achieve consistently
high scores, with 98.5% of BAD cases and 99.8%
of GOOD cases rated as high-quality.

We further recruit three human experts to inde-
pendently perform blind GOOD/BAD judgments
on Task 1 instances, testing the alignment between
the extracted feedback signals (ground truth) and
human perception. Each validation group con-
tains 50 cases, with 25 GOOD and 25 BAD in-
stances. The experts achieve overall accuracies
of 68.0%, 74.0%, and 66.0%, respectively, with
BAD recognition accuracy ranging from 72.0% to
76.0%. These results indicate that UXBench labels
are meaningfully recoverable by human judgment
while confirming that the task remains challenging
even for humans, as many cases require reasoning
over subtle dissatisfaction cues, multi-turn context,
and whether the response fully satisfies the user’s
underlying intent.

A.2 Human Annotator Profiles

Each annotator has over three years of professional
experience in customer service call centers in main-
land China. All annotators are fluent in Chinese and
experienced in dialogue quality assessment. Un-
like task-specific annotation settings, no additional
training examples or calibration sessions were pro-
vided before annotation. Annotators were given
only the task instruction and asked to independently
judge whether each response would satisfy the user
under the pointwise or pairwise convention. The
annotation was conducted in a single continuous
session to better reflect natural human judgment
under a blind evaluation setting, without alternating
preferences or post-hoc corrections.
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Figure 5: Comparison of binary and three-class judg-
ment formulation.

A.3 Failure and Success Dimensions

We analyze the causes of user satisfaction and dis-
satisfaction and present the resulting taxonomy in
Table 6. Specifically, we ask Claude Opus 4.7
to label each instance with a free-text failure or
success dimension, followed by clustering and hu-
man verification. Negative-feedback instances span
10 failure dimensions, dominated by recurring in-
teraction failures such as verbosity/redundancy,
task incompleteness, and intent misunderstand-
ing, suggesting that dissatisfaction often arises
from interaction friction rather than a single catas-
trophic mistake. In contrast, positive-feedback in-
stances span 8 success dimensions and are primar-
ily associated with accurate answers, knowledge
depth, comprehensiveness, and effective problem-
solving. Overall, positive dimensions are more
capability-oriented, whereas negative dimensions
are frequently interaction-oriented, highlighting
that strong user experience depends on both model
capability and alignment with user expectations.

B Model Selection and Inference

All models are accessed through a LiteLLM-
compatible Chat Completions API using a
unified request format across model fami-
lies. For reasoning-capable models, we en-
able the strongest available reasoning mode with
reasoning_effort=high, while models without
explicit reasoning controls use their default infer-
ence settings. For judgment tasks, model outputs
are parsed into binary verdicts, while for genera-
tion tasks, we retain the final assistant response and
the API-returned reasoning content.
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BAD: Failure Dimensions (N=1,000)

\ GOOD: Success Dimensions (N=1,000)

Dimension Count % \ Dimension Count %
Verbosity / Redundancy 343 34.3 | Accurate Answering 174 174
Task Incompleteness 248 24.8 | Knowledge Depth 154 154
Intent Misunderstanding 115 11.5 | Comprehensive Detail 137 13.7
Factual Error 110 11.0 | Problem Solving 126 12.6
Information Reliability Issue 101  10.1 | Practical Guidance / Actionability 121 121
Instruction / Format Failure 28 2.8 | Creative Generation 116 11.6
Emotional Tone Mismatch 20 2.0 | Task Completion 90 9.0
Insufficiently Informative 22 2.2 | Empathetic Support 82 82
Safety / Refusal Issue 9 09

System / Technical Error 4 04

Table 6: Taxonomy of failure and success dimensions in Task 1 user feedback prediction.

Family Models

Gemini 2.5 Flash, 2.5 Pro, 3.0 Flash, 3.1 Pro
GPT 5 mini, 5,5.1,5.2,5.5

Claude Sonnet 4.5, Opus 4.5, 4.6, 4.7
DeepSeek R1, V3,V3.2, V4 Pro

Doubao Seed 1.6, 2.0 Lite, 2.0 Pro

Others Kimi K2.5, K2.6; GLM-5, 5.1

Qwen3.6-Plus, Hunyuan 3

Table 7: Model selection for UXBench evaluation.

C Full Experimental Results

C.1 Analysis of Bias Behavior

Table 8 shows that pointwise LLM-as-a-judge
evaluation produces highly unstable scores across
judges. Gemini-based judges assign extremely
high Good rates to almost all model outputs, often
above 90%, substantially weakening leaderboard
separability, while GPT-5.2 produces much lower
scores for most non-GPT models and ranks GPT-
family models at the top. Table 9 further shows that
this bias persists in pairwise comparison: GPT-5.2
strongly favors GPT-family responses, assigning
GPT-5.1 or GPT-5.5 win rates of 75.8%—83.2%
against strong non-GPT models, while Gemini 3.1
Pro similarly prefers Gemini 3.1 Pro over Claude
Opus 4.7, DeepSeek V4 Pro, and GPT-5.1 with win
rates above 74%. In contrast, Claude Opus 4.7 con-
sistently under-prefers Claude-family responses.
Together, these results indicate that LLM judges are
not family-neutral for UX evaluation, exhibiting
systematic self-preference or judge-specific calibra-
tion bias that substantially distorts model rankings.

C.2 Evaluation with Open-Weight Small
Language Models

We evaluate two open-weight small language mod-

els. As shown in Table 10, their UX-driven ca-

pabilities remain limited. Qwen3-8B consistently

Model Good% (under different judges)
GPT-5.2 Gemini 2.5 Flash Gemini 3.1 Pro

GPT-5.2 078.3% 95.5% 84.5%
GPT-5.1 70.0% 96.1% 85.3%
GPT-5.5 68.8% 93.9% 90.8%
Gemini 2.5 Flash 45.3% 94.4% 69.5%
Gemini 2.5 Pro 43.7% 96.1% 80.6%
Gemini 3.1 Pro 41.5% 097.3% ©95.9%
Gemini 3.0 Pro 41.3% 95.4% 90.3%
Gemini 3.0 Flash 40.7% 94.9% 85.5%
Claude Opus 4.7 44.3% 93.8% 82.3%
Claude Sonnet 4.5 40.4% 91.5% 74.2%
DeepSeek V4 Pro 42.8% 94.4% 83.6%
DeepSeek R1 33.5% 93.3% 71.0%
Doubao Seed 2.0 Pro  43.7% 95.8% 85.5%
Kimi K2.6 54.3% 94.5% 90.5%
Qwen3.6-Plus 52.6% 96.1% 87.7%
GLM-5.1 40.5% 96.3% 89.1%
GLM-5 40.3% 95.5% 87.5%
Hunyuan 3 Preview 37.7% 95.1% 78.3%

Table 8: Evaluation of model-generated responses with
different judge models.

outperforms Qwen2.5-7B in overall Task 1 accu-
racy and achieves higher GRM-rated quality in both
Task 2 and Task 3, suggesting that newer models
provide stronger UX capabilities, consistent with
the scaling pattern observed in the main results.
However, the low accuracy in Task 1 and low Good
rates in generation and recovery tasks indicate that
small local models still require task-specific opti-
mization before they can reliably capture dissatis-
faction, generate satisfying responses, or recover
from service failures in dialogue interactions.

C.3 Impact of Prompting Strategies

Figure 7 reports the impact of different prompting
strategies on UX Judge. Among the three strate-
gies, only the user modeling prompt improves
performance across four models without degrading
the fifth, yielding an average gain of 4.54 percent-
age points. By explicitly inferring the user’s likely
profile before judgment (Figure 6), user modeling
provides more consistent gains than generic rea-
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Judge Model A Model B AWin% BWin% Tie%
GPT-5.2 as judge
GPT-5.1 Claude Opus 4.7 83.2% 16.6% 0.2%
GPT-5.1 DeepSeek V4 Pro 81.6% 17.8% 0.6%
GPT-5.1 Gemini 3.1 Pro 80.6 % 192% 0.2%
GPT-5.5 Claude Opus 4.7 75.8 % 234% 0.8%
GPT-5.5 Gemini 3.1 Pro 79.0% 204% 0.6%
Gemini 3.1 Pro as judge
Gemini 3.1 Pro Claude Opus 4.7 81.2% 15.0% 3.8%
Gemini 3.1 Pro DeepSeek V4 Pro 74.4% 20.0% 5.6%
Gemini 3.1 Pro GPT-5.1 83.8% 132% 3.0%
Gemini 2.5 Pro Claude Opus 4.7 46.8% 502% 3.0%
Gemini 2.5 Pro GPT-5.1 50.6 % 474%  2.0%
Claude Opus 4.7 as judge
Claude Opus 4.7 DeepSeek V4 Pro 39.6% 58.6% 1.8%
Claude Opus 4.7 Gemini 3.1 Pro 24.4% 742% 1.4%
Claude Opus 4.7 GPT-5.1 41.2% 57.8% 1.0%
Claude Sonnet 4.5 Gemini 3.1 Pro 10.6% 884% 1.0%
Claude Sonnet 4.5 GPT-5.1 20.0% 792% 0.8%

Table 9: Pairwise evaluation across three judge models on 500 randomly sampled test cases.

Task Metric Qwen3-8B  Qwen2.5-7B
Overall Acc. 58.98 55.66
Task 1  GOOD Acc. 97.80 83.58
BAD Acc. 20.12 26.73
Task2  Good (%) 23.20 9.40
Task3  Good (%) 4.20 1.80

Table 10: Performance of open-weight small LMs.

soning or critique-oriented prompting, suggesting
that UX prediction benefits from user-centered in-
terpretation. For UX Eval, we compare four system
prompts using Gemini 3.1 Pro Preview on 1,000
randomly sampled test cases. As shown in Fig-
ure 9, different system prompts yield negligible
performance differences, suggesting that simple
prompt steering provides limited benefit on diverse,
failure-prone user queries.

For UX Recovery, Figure 8 shows that replac-
ing the recovery prompt with a generic helpful-
assistant prompt reduces performance, highlight-
ing the importance of failure-aware instructions.
CoT prompting consistently improves performance
across all four models, whereas failure-aware and
critique-based prompts provide only marginal or
inconsistent gains. Nevertheless, the best perfor-
mance remains below 18%, indicating that prompt-
ing alone is insufficient to substantially improve
failure recovery in the presence of explicit user
complaints. Overall, prompting methods appear to
be less effective in UX-centric optimization.

User Modeling Prompt for UX Judge

Given the dialogue history, user query, and assistant response, first infer
the user’s likely profile before making the UX judgment.

Specifically, consider: (1) cognitive level and domain familiarity; (2)
interaction goal; (3) emotional state; (4) expected response style and
information need.

Then decide whether the assistant’s response would satisfy this user under
the inferred profile.

Output only a JSON object:
{"verdict": 1} if the user is likely satisfied.
{"verdict"”: -1} if the user is likely dissatisfied.

Figure 6: Prompt template for the user modeling.

C.4 Impact of Reasoning Effort

We study whether increasing reasoning effort im-
proves model performance by comparing high- and
low-reasoning settings across representative mod-
els. As shown in Figure 10, higher reasoning effort
provides the clearest benefit in Task 1, with Claude
Opus 4.7 improving from 50.3% to 61.5% BAD ac-
curacy and Gemini 3.1 Pro from 42.1% to 49.3%,
suggesting that additional reasoning helps iden-
tify subtle signals of dissatisfaction. In contrast,
the gains are small and inconsistent in Task 2 and
marginal in Task 3. These results suggest that re-
sponse generation and failure recovery depend less
on reasoning depth alone and more on response
style, user alignment, and the ability to produce an
appropriate response strategy.

C.5 Cross-Benchmark Generalization

In support of the discussion in Section 4.4, we
compare UXBench with three widely used English
benchmarks. As shown in Table 11, models achieve
much higher average scores on Arena-Hard, Wild-
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Figure 7: Comparison of negative feedback prediction accuracy (task 1) across different system prompt variants,
with the helpful-assistant prompt (red dashed line) shown as baseline.
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Figure 9: Comparison of response generation (task 2)
with Gemini 3.1 Pro and different system prompts.

Bench, and AlpacaEval than on UXBench, with
average scores decreasing from 84.1%, 81.8%, and
69.1%, respectively, to 45.9% on UXBench, high-
lighting the challenge posed by failure-prone user
queries. Model rankings remain broadly consistent
across benchmarks, suggesting that UXBench still
reflects general response quality. However, several
ranking shifts highlight its UX-specific focus, sug-
gesting that UXBench captures capabilities beyond
general instruction following, including sensitivity
to user dissatisfaction and service-quality failures.

C.6 Performance Breakdown by Scenarios

Finally, we break down model performance by
user scenario. As shown in Figure 12, perfor-

mance varies substantially across scenarios and
tasks. Across models, Task 2 consistently performs
strongly on Daily scenarios, whereas Task 3 re-
mains substantially more challenging across nearly
all scenarios. Performance also varies across inter-
action contexts, with emotionally sensitive scenar-
ios remaining particularly challenging for several
models. Overall, the scenario-level results demon-
strate that UXBench difficulty is not uniform across
domains and that model strengths do not necessar-
ily generalize across different user scenarios or
interaction stages.
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Figure 10: Effect of reasoning effort on performance across the three UXBench tasks, comparing high- and low-

reasoning settings for representative models.

Model Family UXBench Arena-Hard WildBench AlpacaEval
(N=4,900) (N=500) (N=1,024) (N=805)
Gemini 3.1 Pro Gemini 57.1% (1) 88.7% (1) 89.2% (1) 76.2% (1)
Gemini 2.5 Pro Gemini 50.8% (2) 87.5% (3) 82.2% (6) 70.7% (4)
DeepSeek V4 Pro DeepSeek  49.7% (3) 81.7% (6) 83.6% (3) 68.6% (6)
Hunyuan 3 Preview  Hunyuan  48.8% (4) 85.3% (5) 80.4% (7) 67.1% (7)
Doubao Seed 2.0 Pro  Doubao 48.7% (5) 88.3% (2) 85.6% (2) 71.5% (2)
Claude Opus 4.7 Claude 44.5% (6) 87.5% (3) 83.2% (4) 69.1% (5)
DeepSeek V3.2 DeepSeek  41.2% (7) 81.7% (6) 73.2% (9) 61.6% (9)
GPT-5.5 OpenAl 412% (7)  79.3% (8) 82.3% (5) 71.6% (2)
GPT-5.2 OpenAl 308% (9)  77.1% (9) 76.8% (8) 65.5% (8)
Average 45.9% 84.1% 81.8% 69.1%

Table 11: Performance comparison with three English benchmarks on response generation.
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Figure 11: Breakdown of failure recovery strategies in representative models.
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Figure 12: Scenario-level performance across UXBench tasks for five representative models. Each row shows one
model, with grouped bars comparing Task 1, Task 2, and Task 3 across scenarios.
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