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Abstract
Code generation models are increasingly used
to produce interactive artifacts, such as web-
sites and user interfaces. Many properties that
determine whether these interfaces are useful
only become apparent through realistic inter-
action, making them difficult to incorporate
into model training. In this paper, we in-
troduce RELIEF (REvision-based Learning
from Interactive Experience and Feedback), a
method for improving code generation models
using feedback on their generated interfaces.
RELIEF uses a coding agent to revise these in-
terfaces, then incorporates the improvements
into their original generation traces to produce
supervision for fine-tuning. To evaluate RE-
LIEF, we collected a dataset of 200 syntheti-
cally generated websites paired with 355 inter-
action recordings and accompanying feedback
from 24 users. We used critiques derived from
code inspection, automated interaction, explicit
human feedback, and human interaction record-
ings to fine-tune variants of two code genera-
tion models. Our results show that feedback
effectiveness varies with base model capabili-
ties, with critiques inferred from human interac-
tion recordings leading to the largest usability
improvements overall under our tested models.

1 Introduction

Code generation models are increasingly used to
produce interactive artifacts, such as websites and
user interfaces, both in software development (Ope-
nAI, 2025; AutoCoder) and dynamically within
end-user applications (OpenAI, 2026; Chen et al.,
2026). The quality of these artifacts depends not
only on functional correctness but also on how well
they support people’s tasks.

While properties such as syntactic validity and
functional correctness can be checked automati-
cally (Chen et al., 2021; Jimenez et al., 2024), us-
ability is harder to evaluate. Critiques, user feed-
back (Bennett, 1979), and recordings of task inter-
actions can help identify usability problems, but
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Figure 1: RELIEF revises generated interfaces using
feedback from human users, computer-use agents, or
code agents. It then reconstructs generation traces that
would have produced the revised interfaces and fine-
tunes the interface-generation model on these traces.

these findings are typically used to improve indi-
vidual interfaces, as in usability testing (Dumas
and Redish, 1993) and iterative test-time refine-
ment (Madaan et al., 2023). Incorporating them
into model training is difficult, since feedback may
not translate into a reward signal, and improving an
artifact alone does not directly provide an example
of how the model should have generated it.

In this paper, we introduce RELIEF (REvision-
based Learning from Interactive Experience and
Feedback), a method for generating training data
from feedback on interfaces produced by coding
agents. RELIEF uses a coding agent to revise the
interface based on feedback, then incorporates the
changes into the original generation trace. The
resulting trace captures how the improved interface
could have been generated from the initial prompt
and serves as supervision for SFT.

To demonstrate how RELIEF could learn from
data collected as people use model-generated in-
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terfaces, we collected 355 interaction recordings
and accompanying feedback from 24 users across
200 synthetically generated websites. We applied
RELIEF to two code generation models, Qwen
27B (Qwen Team, 2026) and Inkling (Thinking
Machines Lab, 2026), using critiques derived from
code inspection, automated interaction, explicit
user feedback, and automated labelings of human
interaction recordings. We fine-tuned the base mod-
els using these feedback sources and evaluated
them on held-out generation tasks, measuring static
validity through compilation and lint checks, func-
tional correctness through computer-use-agent task
completion, and usability through human prefer-
ences in a model evaluation arena. Our results show
that the benefits of different feedback sources vary
across base models. Among the sources evaluated,
critiques inferred from human interaction record-
ings achieved the highest observed Elo ratings in
both model families.

In summary, we contribute what is, to our knowl-
edge, the first dataset of model-generated inter-
faces paired with real human interaction recordings
and usability feedback, with 200 websites and 355
recordings from 24 users. We introduce RELIEF,
which turns feedback-guided interface revisions
into training supervision through generation trace
reconstruction. Experiments with two open-weight
code-generation models show that feedback in-
ferred from human interaction recordings achieved
the highest observed arena Elo ratings among the
four feedback sources for both models. We plan to
publicly release our dataset and fine-tuned model
weights to support reproducibility and further re-
search.

2 Related Work

Generative UI Models. Recent advances in
LLMs have enabled automated generation of web-
sites and interfaces, from design-to-code transla-
tion (Si et al., 2025) and complete interactive web-
site generation (Lu et al., 2025b) to end-user appli-
cations (Peng et al., 2025b; Chen et al., 2026; Peng
et al., 2026b). Improving these models has moti-
vated training methods that incorporate feedback
about UI quality. Prior work has used compiler
and LLM feedback (Wu et al., 2024b; Li et al.,
2026b) and computer-use-agent assessments (Lu
et al., 2026) to improve UI generation. Designer
comments, sketches, and revisions have also been
used to train reward models and fine-tune UI gen-

erators (Wu et al., 2026a).

Interface Evaluation. The usefulness of such
feedback depends in part on how well evaluations
capture the quality of completed interfaces. Tradi-
tional usability testing and expert evaluation iden-
tify interface problems (Gould and Lewis, 1985;
Nielsen and Molich, 1990), while other approaches,
such as WebDev Arena (Vichare et al., 2025) and
Design Arena (Design Arena, 2026), collect pref-
erences from end users in an “arena” evaluation
format. Automated evaluation has also been ex-
plored (Ivory and Hearst, 2001; Paganelli and Pa-
ternò, 2003), with recent approaches using LLM-
based judgments (Liu et al., 2026; Li et al., 2026a),
interface-specific encoders (Wu et al., 2024a; Peng
et al., 2025a), computer-use agents (Lin et al., 2025;
Gao et al., 2026), and simulated users (Lu et al.,
2025a; Xiang et al., 2024). However, predicting
how interface designs affect actual user behavior
remains challenging (Jeon et al., 2026).

Learning from Interactions. Feedback that
arises from natural model use offers another po-
tential source of training supervision. Early work
explored improving dialogue models using ratings
and free-form feedback collected during deploy-
ment (Xu et al., 2023). ReSpect (Chen et al., 2025)
infers implicit feedback from subsequent user inter-
actions, while WildFeedback (Shi et al., 2026) con-
structs preference data from in-situ conversational
feedback. WildReward (Peng et al., 2026a) further
demonstrates how interaction data can be used to
train reward models. Other approaches learn from
feedback-guided corrections: Juicer (Shi et al.,
2024) constructs corrected dialogue responses, Tri-
PosT (Yu et al., 2024) learns from revised reason-
ing trajectories, and WebWorld (Wu et al., 2026b)
uses browser-verified code revisions. RELIEF uses
feedback on completed interfaces, including ob-
servations of their use, to guide repairs that are
then incorporated into the coding agents’ original
generation traces.

3 Dataset

To study how feedback on generated interfaces can
improve the underlying code generation models,
we constructed a dataset of websites and usability
critiques. In this section, we describe how we i)
generated websites using two models we aimed
to improve and ii) collect feedback from human
users and automated agents on the model-generated
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outputs.

3.1 Interface Dataset Generation

We first generated a dataset of interactive websites
to collect feedback on the outputs of the code gen-
eration models we sought to improve. We adapted
the synthetic website generation procedure of Gao
et al. (2026), drawing website URLs and task de-
scriptions from Mind2Web (Deng et al., 2023).

We used the OpenCode coding agent to generate
“clones” of the Mind2Web websites by construct-
ing a prompt with the website description and the
list of tasks tested by the Mind2Web benchmark.
However, only including the website name and
Mind2Web tasks can result in an unrealistic result-
ing website that “overfits” to the specific list of
tasks it was given, e.g., oversimplifying the inter-
face to satisfy a specific task or artificially reducing
task completion to a single click. To address this,
we provided HTML snapshots from Multimodal-
Mind2Web (Zheng et al., 2024) as references for
the structure and content of the original websites.
We also asked the model to support additional tasks
that users would normally perform on each website.
We instructed the model to plan the website’s struc-
ture and workflows before writing the code built
upon existing procedure (Leviathan et al., 2026).
The prompt also required realistic mock data that
unrelated to the provided tasks, so that users would
need to browse, search, or compare options to com-
plete the tasks.

We selected 20 unique websites from each of the
five website domains in Mind2Web and generated
an implementation for each website using each of
two LLMs: Qwen3.8-27B with medium reasoning
effort and Inkling-Small with xhigh reasoning ef-
fort. The final dataset includes 100 generated web-
sites per model for a total of 200 websites. On av-
erage, websites generated by Qwen (medium) had
4,329 lines per website while Inkling (xhigh) has
1,262 lines per website. The generation prompts
are provided in the Appendix A.

3.2 Interactive Feedback Collection

We collected feedback from four sources, each con-
tributing usability problems in generated interfaces.
The total number of critiques produced from differ-
ent sources are shown in Figure 2. The prompts for
critique generation can be found in Appendix B.

Human Users. We collected feedback from hu-
man users through an online study. Participants

were asked to install a browser extension that
guided them through 15 randomly selected web-
sites from our dataset, each with one assigned task.
The extension screen-recorded participants’ inter-
actions as they completed each task. After complet-
ing all 15 tasks, participants accessed an annotation
portal to review their recordings and provide usabil-
ity feedback. We refer to these participant-written
critiques as human written feedback. Across 24
participants and websites generated by two base
models, we collected 341 written critiques and 355
screen recordings totaling approximately seven and
a half hours. We excluded 5 recordings from the
full 360 recordings in which participants exhibited
substantial off-task behavior or interactions unre-
lated to the assigned tasks.

To generate critiques based on users’ interac-
tions, we used Gemini 3.8, a multimodal LLM that
supports video input, to analyze screen recordings
of users interacting with the generated websites.
The model was prompted to identify usability prob-
lems from the recordings, including evidence of
user confusion and website bugs encountered dur-
ing task completion. This prompt is provided in
the Appendix. In total, we obtained 585 critiques
across the websites generated by our two base mod-
els, which we refer to as human interaction feed-
back.

Computer-use Agents. Prior work used
computer-use agents to simulate user interactions
and assess interface usability when human
feedback is limited (Li et al., 2026a; Gao et al.,
2026). We adopted a similar approach using
Gemini 3.8 Flash with the official computer use
tool to perform 355 tasks sampled from the same
Mind2Web task set as our human study. The
agent was prompted to generate usability critiques
based on its interaction history after attempting
to complete its task. In total, we collected 544
critiques across 200 websites.

Coding Agents. Prior work has explored LLM-
based evaluation of website implementations (Li
et al., 2026a) and automated discovery of bugs in
interactive software (Yao et al., 2026). To examine
what coding agents can identify from source code
alone, we used Gemini 3.8 Flash through Open-
Code to inspect our generated websites. The agent
was given access to each website’s complete source-
code directory and instructed to identify potential
usability problems without executing or interact-
ing with the website. In total, we collected 2,979
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Figure 2: Feedback and code revisions per website, grouped by base model. We measure feedback volume by the
number of written comments for human feedback and identified problems for other sources, and revision size by
lines of code added and removed. Code agents identify several times more problems than other sources and lead
to the largest revisions. Human interaction recordings also yield more critiques and larger revisions than written
human feedback.

critiques across 200 websites.

3.3 Feedback Critique Analysis.

Critique Stats. Figure 2 compares the average
number of critiques per website and the extent of
subsequent code revisions across feedback sources.
Code Critique identifies substantially more issues
(14.5–15.3 per site) than the other sources (2.1–4.2)
and produces the largest code changes for both
models. In contrast, Human Written Feedback gen-
erates the fewest critiques and generally results in
the smallest revisions. Notably, Human Interac-
tion produces relatively few critiques (3.1–4.0 per
site) but leads to substantially more code additions
than human written feedback (365 vs. 188 lines for
Qwen and 589 vs. 379 for Inkling). This suggests
that critiques inferred from human interactions may
identify issues requiring more extensive modifica-
tions.

Critique Types. We analyzed the types of cri-
tiques obtained from our 4 sources of feedback
to better characterize the distribution of critiques.
We represented critique titles using TF-IDF vec-
tors and grouped similar critiques into clusters
using non-negative matrix factorization (NMF),
which we subsequently organized into 8 descrip-
tive themes. Figure 3 shows the proportion of cri-
tiques assigned to each theme within each feedback
source. Human interaction and CUA critiques con-
centrated on search and results (26% and 23%, re-
spectively), while human written feedback empha-
sized filters and sorting (25%) and cart and check-
out (20%). In contrast, code critiques were more
evenly distributed across products and listings, cart
and checkout, and forms and inputs (18% each).
These differences suggest that feedback sources
capture different aspects of interface usability.

Share of critiques (%)

0% 20%+
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Navigation & links
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4.6%

7.0%
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13.2%
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Figure 3: The share of each source’s critiques in eight
themes (average across base models). Human interac-
tion and CUA critiques focus most on search, written
human feedback on filters and the cart, and code cri-
tiques spread across forms, products, and the cart.

4 RELIEF

RELIEF converts usability critiques of generated
websites into training examples for the code gen-
eration models that produced them. Our approach
i) first uses a coding agent to revise the generated
websites based on the collected critiques then ii)
reconstruct the original generation traces to incor-
porate these revisions and use the resulting trajec-
tories to fine-tune the underlying models.

4.1 Critique-Guided Interface Revision

We used Gemini 3.8 Flash as a coding agent
through OpenCode to revise the generated websites
based on their usability critiques. For each revision,
the agent received the existing website’s source
code and a structured critique describing identified
problems, supporting evidence, and severity levels.
We prompted the agent to modify the implementa-
tion to address these problems while preserving the
website’s intended functionality (Appendix A.2).
To compare the four feedback conditions, we used
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the same fixing model, prompt, and source prepara-
tion procedure, varying only the critiques provided
to the agent. Figure 2 shows the extent of changes.

4.2 Training Data Generation

While our revision pipeline generates an improved
version of the final artifact (i.e., website), it is in-
sufficient for training the original code generation
model, since the fixing agents’ trace represents
a modification of an existing codebase (i.e. the
original website) instead of starting from the same
original specification. Thus, we developed trace re-
construction procedure that “patched” improved or
edited segments of code into the original generation
trace.

Original trace Reconstructed trace

Add header <h1>Boston → Seattle</h1>

Add filters
<details>More filters

− <input type=date>

Add filters
+ <input type=date>
<details>More filters

List flights
<li>$214</li> …

List flights
<li>$214</li> …

Boston → Seattle

$214
$238
$262

More filters

Boston → Seattle

$214
$238
$262

Jun 3

More filters

Original Revised

diff

blame

patch

replay

Figure 4: Overview of Git-guided trace reconstruction.
We replay the rejected trace τ0 with step-wise com-
mits, compute the diff between the rejected and revised
websites, and used a process similar to git blame to
attribute changes to generation steps an, which are then
retroactively revised to construct the trace for supervi-
sion τ̂+.

Our approach is visualized in Figure 4. Consider
an initial website W 0 generated by a rejected trace
τ0 = (a1, . . . , aT ) and a revised website W+ ob-
tained from feedback. To reconstruct a correspond-
ing preferred trace τ̂+, we replay τ0 and record
source snapshots after each file-writing step, allow-
ing each region of the rejected website W 0 to be
traced back to the step that last wrote it. We then
compute the code difference between W 0 and W+

and use a Git-blame-style procedure (Git Software
Contributors, 2005) to assign each replacement or
deletion to the most recent writing step among its

affected lines, using neighboring lines for inser-
tions.1 The modified step’s tool-call arguments
(e.g., edit(old, new)) are then retroactively
revised to reflect the desired change. For entirely
new files, we insert the fixing agent’s recorded cre-
ation steps before those files are first used. Finally,
we replayed the reconstructed trace (τ̂+) to verify
that it produces the source of W+.

4.3 Model Fine-tuning

Following the trajectory-based SFT approach used
in SWE-Gym and OpenHands LM (Pan et al., 2025;
Wang, 2025), we fine-tuned a separate model for
each base model and feedback condition using the
reconstructed preferred traces τ̂+.

Due to VRAM limitations, we limited context
length of 65,536 tokens while training. To com-
press longer agent traces, we selected earlier turns
based on their dependencies with the assistant turn
being trained. We identified these dependencies by
replaying the original trajectory and tracking file
modifications, a subset of tool calls (e.g., Open-
Code’s todo list tool), and referenced source con-
tent. We retained the initial user prompt and the
target assistant turn, then filled the remaining con-
text budget with the most recent preceding turns
and any earlier turns they depend on. Finally, we
verified each compressed example through replay,
checking that the retained turns reproduced the ex-
pected state before the training target compared to
the original trace.

We used different training frameworks for the
two base models due to differences in model sup-
port, but kept hyperparameters consistent wherever
possible. Qwen3.8-27B was trained using Unsloth
with 4-bit NF4 quantization, and Inkling-Small
was trained using Tinker. For both models, we
trained rank-16 LoRA adapters on attention and
feedforward layers with frozen base weights, using
AdamW with an effective batch size of 32 and a
learning rate of 5× 10−6. Each model was trained
for one epoch on the data generated from each
feedback condition. Additional training details are
provided in the appendix.

5 Experiments

We conducted two experiments to evaluate RELIEF
at both the data and model levels. First, Critique

1We nevertheless retain the original trace’s original rea-
soning, since the fixing agent’s trace may reference content
unavailable at the time of original generation
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Evaluation examined whether feedback-guided re-
visions improve the quality of generated websites,
using static eligibility checks (compilation and lint
analysis) and CUA-based task completion rates.
Second, Model Evaluation assessed whether mod-
els fine-tuned on reconstructed generation trajecto-
ries produce better interfaces. We reused the same
two metrics to evaluate functional quality, and in-
troduced a human preference arena to capture as-
pects of interface usability and user preference that
automated metrics cannot fully reflect.

5.1 Critique Evaluation
Before using feedback-guided revisions to con-
struct training supervision, we first evaluated
whether the collected critiques lead to improve-
ments in the original websites. We assessed the
quality of these revisions from two perspectives: (1)
static validity, measured through compilation and
lint checks, and (2) task functionality, measured
through computer-use agent evaluations. This pre-
liminary evaluation validates whether the feedback-
derived revisions provide suitable artifacts for sub-
sequent model training.

We randomly sampled 100 website–task pairs
across 37 websites and evaluated each task on the
original website and its revised versions under all
four feedback conditions. We applied the same
eligibility and task completion tests to each version
to assess how different feedback sources affected
website validity and functionality.

Eligibility Test. We assessed the basic validity
of generated websites using an eligibility test con-
sisting of two checks: (1) successful independent
compilation and (2) static lint analysis. For the
latter, we apply a fixed ESLint configuration to
JavaScript and JSX files to detect undefined vari-
ables, undefined JSX components, references be-
fore declaration, and parsing errors. A website is
considered eligible only if it builds successfully and
passes all lint checks without errors or warnings.
We used these complementary checks because suc-
cessful compilation alone does not guarantee that a
website is free of code-level errors. However, pass-
ing the eligibility test does not guarantee runtime
correctness or usability; for example, a website
may still render a blank page despite passing both
checks.

Task Completion. To evaluate whether a web-
site supports its intended functionality, we used a
Codex computer-use agent (CUA) (OpenAI, 2025)

to perform tasks specified in the original website
description. The agent interacted with the web-
site and determined whether each task can be com-
pleted. We define Task Completion as the propor-
tion of tasks successfully completed, providing a
measure of functional quality beyond static eligi-
bility checks.

Results. Table 1 shows that feedback-guided re-
visions generally preserve or improve website func-
tionality across both models. For Inkling, all four
feedback sources improve task completion over the
original baseline of 81%, with Code Critique and
CUA Critique achieving the highest completion
rate of 86% (+5 percentage points), followed by
Human Interaction at 85% (+4 percentage points).
For Qwen, which has a higher baseline comple-
tion rate of 94%, improvements are smaller, with
Code Critique achieving the highest rate of 97%
(+3 percentage points), while Human Interaction
maintains the baseline performance. Most revi-
sions also maintain or improve static eligibility,
although Human Feedback reduces eligibility for
Inkling from 36/37 to 35/37. Critiques from differ-
ent sources can guide functional website revisions,
providing candidate artifacts for subsequent model
training.

Table 1: Static eligibility and task completion before
and after feedback-guided revisions, evaluated on 100
tasks across 37 websites. ∆ (pp) denotes the change
from the original baseline in percentage points. Bold
indicates the highest completion rate per model.

Fix Condition Eligible Completion ∆ (pp)

Inkling Small
Original 36/37 81% –
Code Critique 37/37 86% +5
CUA Critique 37/37 86% +5
Human Interaction 37/37 85% +4
Human Feedback 35/37 83% +2

Qwen 3.8 27B
Original 36/37 94% –
Code Critique 37/37 97% +3
CUA Critique 37/37 95% +1
Human Interaction 36/37 94% 0
Human Feedback 36/37 93% -1

5.2 Model Evaluation

We then compare the original Qwen 3.8 27B and
Inkling Small models with variants fine-tuned on
reconstructed generation trajectories derived from
four feedback sources.
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Table 2: Task completion results across two base models
and four feedback sources. Eligible Sites @1 reports
the number of websites passing eligibility checks on the
first attempt. Task Completion reports success across
184 tasks after retries. Bold indicates the highest rate
within each model.

Condition Eligible @1 Task Completion

Inkling Small
Base Model 12/14 145/184 (78.8%)
Code Critique 13/14 132/184 (71.7%)
CUA Critique 14/14 152/184 (82.6%)
Human Interaction 12/14 156/184 (84.8%)
Human Feedback 13/14 139/184 (75.5%)

Qwen 3.8 27B
Base Model 11/14 154/184 (83.7%)
Code Critique 12/14 153/184 (83.2%)
CUA Critique 11/14 165/184 (89.7%)
Human Interaction 9/14 167/184 (90.8%)
Human Feedback 13/14 159/184 (86.4%)

Models. For each base model, we retained the
original checkpoint as a baseline and trained four
additional variants using the RELIEF pipeline de-
scribed in Section 4. The variants used the same
fine-tuning procedure and hyperparameters but dif-
fered in the feedback used to construct their train-
ing examples. This resulted in five variants each
of Qwen 3.8 27B and Inkling Small, including the
base model.

Evaluation Dataset. To serve as our evaluation
set, we chose 14 additional websites (roughly 10%
of Mind2Web) which did not overlap with the
websites used for training (Section 3). For each
evaluated model, we use the fine-tuned version to
generate one website for every specification using
the same generation harness and inference settings.
Each generation begins from the same starter repos-
itory and receives the original website specification
as input. We allowed up to three retries when a
generated website failed to compile or did not pass
the static analysis check. If all retries were unsuc-
cessful, we used the third retried generation, since
it may still be possible to complete a subset of tasks
without triggering a crash, e.g., linter found an un-
defined reference in code not triggered by the task.
Table 2 reports first-attempt eligibility separately
from task completion after retries.

Static Validity and Task Functionality. We eval-
uated the generated websites on the held-out eval-
uation dataset using the same eligibility and task
completion metrics described in Section 5.1. As
shown in Table 2, models trained with interaction-

derived feedback generally achieved higher task
completion rates than their base models. In par-
ticular, Human Interaction achieved the highest
task completion for both Inkling Small (84.8% vs.
78.8%) and Qwen (90.8% vs. 83.7%), followed
by CUA Critique (82.6% and 89.7%). In contrast,
Code Critique slightly reduced task completion for
Qwen and substantially reduced it for Inkling, de-
spite maintaining comparable static eligibility. The
results from validity and functionality test suggest
that feedback grounded in actual interface inter-
actions could provide more effective supervision
for improving downstream task than static code
inspection under our evaluated settings.

Arena Preference. We use pairwise comparisons
to evaluate the usability of the resulting interfaces.
For each model and pair of experimental condi-
tions, we randomly sampled 20 comparisons from
14 websites. In each comparison, annotators eval-
uated two versions of the same website generated
for the same task under different conditions. This
resulted in 400 comparisons, which were randomly
distributed across six annotators. For each com-
parison, evaluators receive the task specification
and two interfaces, and select the interface that
better supports the requested task. Evaluators can
interact with both websites before making their
judgment and can indicate that the two interfaces
are approximately equivalent. The provenance of
each interface is hidden from the evaluator, and the
ordering of the two interfaces is randomized.

We use Elo scores to summarize pairwise com-
parisons between model variants. Each model be-
gins with a score of 1000, which is updated based
on its wins, losses, and ties against other models.
Differences between Elo scores can be interpreted
as expected win probabilities, allowing us to com-
pare both overall model performance and individ-
ual training conditions. If one generated website
fails to compile while the other succeeds, the failed
generation is recorded as a loss; if both fail to com-
pile, the comparison is recorded as a tie.

We report Elo ratings with 95% confidence inter-
vals estimated using percentile bootstrapping. For
each base model, we resampled its 200 pairwise
comparisons with replacement and recomputed se-
quential Elo ratings, initializing each condition at
1000 with K = 4 and a 400-point rating scale.
Wins, losses, and ties were assigned scores of 1, 0,
and 0.5, respectively. We repeated this procedure
4,000 times, reporting the median bootstrap Elo
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Figure 5: Arena Elo ratings (95% CI) of models fine-tuned on each critique source. Critiques inferred from human
interaction recordings (green) yield the highest-rated model for both Qwen and Inkling and are the only source rated
above the base model (dashed line) on both.

rating and the 2.5th and 97.5th percentiles as the
95% confidence interval.

Results Figure 5 presents the arena Elo ratings
and win rates of all ten model variants across the
two base models. Human Interaction achieved the
highest observed Elo ratings for both Qwen (1014)
and Inkling (1023), compared with 1007 and 997
for their respective base models. Code Critique re-
ceived the lowest ratings for both models (982 and
974), while Human Written Feedback and CUA
Critique received intermediate ratings. Although
the confidence intervals overlap, these results sug-
gest that different feedback sources may lead to
differences in the human-perceived quality of gen-
erated interfaces.

In our arena evaluation, interaction-derived feed-
back received higher ratings than feedback from
static code inspection. Human Interaction ex-
ceeds Code Critique by 32 Elo points for Qwen
and 49 points for Inkling, while CUA Critique
also achieves higher ratings than Code Critique
in both models (997 vs. 982 for Qwen and 1003
vs. 974 for Inkling). Unlike static code critiques,
which identify potential problems from source code
alone, interaction-based critiques incorporate ob-
servations from task execution that may reveal
usability difficulties not evident through code in-
spection. These findings suggest that interaction-
derived feedback may provide useful supervision
for improving interface generation, although the
observed differences do not establish a definitive
ranking of feedback sources.

The arena results differ from the direct revi-
sion evaluation in Section 5.1, where Code Cri-
tique achieves the highest task completion for both
base models. Despite its effectiveness in revising
individual websites, Code Critique produces the
lowest downstream arena ratings after fine-tuning.
This contrast suggests that feedback effective for

repairing existing implementations or improving
functionality may not necessarily provide equally
effective supervision for generating more usable in-
terfaces, highlighting the importance of evaluating
both immediate revisions and downstream model
performance.

6 Conclusion

In this paper, we introduced RELIEF, an approach
that transforms usability feedback on generated in-
terfaces into training supervision through critique-
guided revision and generation trace reconstruction.
We contribute a dataset of 200 model-generated
websites paired with 355 real human interaction
recordings and accompanying usability feedback.
We used four types of feedback derived from our
dataset to improve two code generation models,
then measured the quality of interfaces generated
by the updated models. We measured static valid-
ity, task completion, and human preferences, and
we found that training on feedback inferred from
human interaction recordings achieved the highest
observed Elo ratings in both model families. Our
findings suggest the potential of learning from re-
alistic interactions and feedback generated from
downstream use of UIs, and show that they can be
harnessed to improve the underlying code genera-
tion models.

Limitations

Our experiments demonstrate RELIEF under a par-
ticular set of models, feedback sources, and eval-
uation procedures. We discuss how some of the
choices used in our experiments introduced limita-
tions to the generalizability of our findings.

Dependence on Model Capabilities. We used
Gemini 3.8 Flash for automated critique genera-
tion and interface revision to maintain consistency
across experimental conditions. We selected this
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model, since at the time of our experiments, it was
the best-performing publicly available video under-
standing model on LVBench (Wang et al., 2025)
for our video critique experiments. Our objective
was not to compare models for critique generation,
and different critics or fixers may identify differ-
ent problems or implement different revisions. Al-
though RELIEF can accommodate other models
with the necessary capabilities, we did not evaluate
these alternatives. Our downstream experiments
were also limited to two code-generation models
selected based on their ability to produce functional
websites within our computational budget.

Feedback Quality and Diversity. We investi-
gate four representative forms of feedback: human-
written critiques, critiques inferred from human in-
teraction recordings, computer-use agents, and cod-
ing agents. Each source captures different aspects
of interface usability and may introduce distinct
biases or overlook certain problems. For exam-
ple, feedback inferred from interaction recordings
depend on the ability of multimodal models to inter-
pret user behavior, while human-written feedback
varies with participants’ experiences, motivation,
and ability to articulate usability issues. Our human
feedback was collected from 24 participants, lim-
iting the diversity of perspectives and potential us-
ability problems represented in our dataset. Expert
heuristic evaluations or structured questionnaires
could provide more systematic feedback, but our
study focused on feedback that end users might re-
alistically provide after using generated interfaces.
Finally, feedback sources differed in the number of
critiques they produced (Figure 2), so differences
in downstream performance may reflect both the
source and quantity of feedback.

Dataset and Evaluation. Our experiments focus
on synthetically generated websites and task sce-
narios adapted from Mind2Web. Although these
websites were designed to approximate realistic in-
terfaces, they may not fully capture the complexity
of production applications or the diversity of real-
world user needs. We used a computer-use agent
to assess task completion, following prior work
on automated website evaluation. The agent may
misjudge task success, fail tasks that humans can
complete, or succeed through interaction paths that
humans would rarely follow. Task completion also
cannot distinguish usability differences between
interfaces that both support the same task.

Our arena evaluation included 400 pairwise com-

parisons across six annotators. Following estab-
lished arena evaluation practices, we collected pref-
erences across different comparisons rather than re-
peated judgments of the same pairs. While this de-
sign does not allow us to measure inter-rater agree-
ment, individual annotator preferences may still in-
fluence the results. Additional comparisons would
improve the precision of our estimates, particularly
for small differences between conditions. Our find-
ings should therefore be interpreted as observed
differences between feedback sources, rather than
a definitive ranking of their relative effectiveness.

Training Strategy and Trace Reconstruction.
RELIEF constructs training supervision by retroac-
tively incorporating feedback-guided code revi-
sions into existing generation traces. Although
the reconstructed trajectories reproduce the revised
interfaces, they do not necessarily reflect how a
coding agent would naturally generate the same in-
terfaces from scratch based on its own learned prob-
abilities. In particular, retaining the original reason-
ing may introduce inconsistencies with the revised
code-writing actions. Our experiments evaluated
the complete RELIEF pipeline without comparing
alternative methods of constructing training trajec-
tories, so we do not claim this is the best method for
trace generation. We used SFT following existing
approaches for fine-tuning coding agents (Wang,
2025; Pan et al., 2025), but did not evaluate alterna-
tive training objectives such as DPO or RLHF due
to compute limitations. We leave these experiments
to future work.

Ethical Considerations RELIEF aims to im-
prove the usability of AI-generated interfaces, but
its application introduces several potential risks.
First, interaction recordings may contain sensi-
tive user information, raising privacy concerns re-
garding data collection and processing. Second,
feedback-driven optimization could unintentionally
reinforce undesirable interface behaviors or be mis-
used to generate persuasive or deceptive interfaces
that manipulate user decisions. Third, improve-
ments in usability do not necessarily guarantee
accessibility, fairness, or safety, particularly for
users and contexts underrepresented in the training
data. These risks highlight the importance of pri-
vacy safeguards, diverse human evaluations, and re-
sponsible oversight when applying feedback-driven
interface generation in practice.
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AI Assistance

We used AI-assisted tools to support manuscript
writing, language refinement and programming
tasks, while all research design, experimental analy-
ses, interpretation of results, and final content were
reviewed and verified by the authors.
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A Website Generation & Revision
Prompts

Here we provide all prompts used in our website
generation and website revision procedure.

A.1 Website Generation
Website Generation

You are an expert web developer and designer
specializing in modern websites. You are currently
handed a barebones React.js template, and your job
is to turn it into a fully working website using
React.js. You may use lightweight libraries such
as Tailwind CSS when they are already present in
package.json.

Requirements:
- Create a functional, modern, responsive website
that plausibly resembles the target service.

- Use only React.js, HTML, CSS, JavaScript, and
packages already installed in the project. NEVER
install new packages.

- Implement interactive elements and realistic local
mock data only. NEVER connect to online APIs.

- There must be no visible dead links, dead buttons,
or controls that appear interactive but do nothing.

- Run ‘npm run build’ to verify compilation. Do not
run ‘npm install’ or any other
package-installation command.

- Do not access any directory outside the current
project directory.

- Treat task-specific dates, locations, names,
prices, and other values as sample user inputs.
Include the requested result plus realistic nearby
alternatives; never make the requested result the
only plausible item after a coarse search.

- When a task refers to current or changing
information such as "today", "latest", or
"upcoming", provide plausible static mock results.

- Mock authentication or persistence with ordinary
application state. Do not require a real account
or external service.

- Before adding routing, inspect the existing entry
point. Use exactly one top-level React Router; if
the template already wraps App in a router, do not
nest another router inside App.

## Generative UI Quality and Interaction Guardrail
Treat this as a small Generative UI product build,
not a demo/task page: create a real interactive
website experience with normal navigation, forms,
filters, results, details, and feedback.

Before coding, inventory as many important,
domain-typical user goals and end-to-end workflows
as you can infer from the target service and the
HTML evidence. Organize them into a coherent
information architecture, prioritize the core
workflows, and implement as many as possible
within the available time. Do not stop after
implementing only the supplied benchmark tasks.

For every search/filter task, add realistic
distractor data so a broad query leaves multiple
plausible candidates. Include hard negatives that
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Website Generation (continued)

fail one required constraint at a time, and make
every required filter or control visibly change
the result set, ordering, or state before the
final answer is reached.

Supporting workflows must be ordinary capabilities
of this kind of service and must share the same
navigation, controls, and data model. Do not
create decorative dead controls or task-specific
shortcuts.

Do not leave default Vite/raw HTML styling: use a
coherent domain-specific layout with styled nav,
forms, cards/results, buttons, spacing, colors,
and responsive flex/grid structure.

Do not assume utility classes work merely because a
Tailwind package is installed. Inspect the actual
CSS/build configuration first. If Tailwind is not
already configured and producing utilities, use
ordinary CSS classes and replace all default Vite
starter CSS; never emit a page whose layout
depends on inactive utility classes.

Never prefill, preset, suggest, label, or expose
exact task answers on cold start; placeholders
must be generic, and users must enter/select task
values through ordinary UI.

Before final verification, review the implementation
for obvious default/raw styling, accidental
one-step task completion, or task-answer leakage.
Do not launch browser-based or automated tests as
part of generation.

Your job is to create a fully functioning clone of
the following website:

WEBSITE_NAME
WEBSITE_DESCRIPTION

Use the current barebones React.js project to
implement the website. The main React file is
located at src/App.jsx and exports a component
called App. Preserve that contract.

## Original Mind2Web HTML Evidence
The following evidence was extracted from original
Mind2Web page snapshots for this website:

MIND2WEB_HTML_EVIDENCE

Use this evidence as the primary source for the
original site’s visible wording and product
structure: brand and navigation labels, headings,
form labels, filter/facet names, button text,
result fields, detail-page terminology, and page
hierarchy. Reconstruct the original site’s
vocabulary and organization as faithfully as the
evidence allows, including ordinary neighboring
functionality that is not mentioned in the
benchmark tasks.

The evidence contains repeated snapshots and may
include transient state from recorded task
demonstrations. Deduplicate repeated content. Do
not copy scripts, analytics, tracking markup,
hidden DOM, ads, cookie overlays, or inaccessible
implementation details. Do not treat typed values,
selected options, personal data, dates, locations,
prices, or task answers observed in a trajectory
as cold-start defaults. All forms and filters must
begin in a neutral state. When evidence is
incomplete, fill gaps with conservative,

Website Generation (continued)

domain-plausible UI and mock data rather than
task-specific content.

## Required workflow scope

The following Mind2Web tasks are a minimum required
capability set, not a complete description of the
website:

MIND2WEB_TASKS

- Implement every listed task, in the given order.
Do not skip any task.

- Consolidate repeated capabilities into a natural
shared interface rather than exposing one bespoke
shortcut per task.

- Also implement as many important site-level
workflows as can be inferred from the HTML
evidence and the target service, prioritizing
common user goals and coherent end-to-end flows.

- Use shared domain-plausible controls, pages, and
mock data so task workflows coexist with ordinary
neighboring workflows instead of defining the
entire site.

- For each multi-constraint task, include at least
three plausible candidates after the coarse query
and at least one hard negative for each important
constraint when feasible.

- A required filter may not be cosmetic: changing it
must have an observable effect.

## Benchmark-integrity and user-study requirements
- The website must look and behave like a plausible
clone of the target service, not like a benchmark,
task dashboard, or developer demo.

- Do NOT display the Mind2Web task text, task
numbers, evaluation instructions, or ‘flows.txt’
content anywhere in the website UI.

- Do NOT add "Quick Task", "Task Workflow",
preset-task, auto-fill, one-click task-completion
buttons, answer labels such as "Cheapest", or
task-specific recommendation copy.

- Do NOT default-select task conditions or arrange
data so the requested result is always first
before the relevant interactions.

- A participant must complete each task through
ordinary navigation, search, filtering, selection,
details, save, booking, or submission controls.

- Do not silently complete a task merely because a
page loaded. Requested actions must cause visible,
meaningful state or result changes.

## Implementation and verification process
- Study the HTML evidence and supplied tasks; write
a brief internal plan covering the site’s
information architecture, the largest practical
set of normal user workflows, shared controls,
realistic mock data, and hard-negative
alternatives.

- Implement the core site-level workflows and every
supplied task end-to-end through the shared UI.

- Revisit the workflow inventory and add further
domain-important workflows while time remains; do
not add unfinished or dead UI.

- Run ‘npm run build’. Diagnose and fix all build
errors.

- Review all implemented workflows in source:
confirm controls change state/results, coarse
searches retain plausible alternatives, final
conditions can be reached without shortcuts, and
the styling mechanism is actually active.

- Do not create automated tests, Playwright tests,
route smoke tests, or testing-only UI/data
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Website Generation (continued)

attributes.
- Perform one final ‘npm run build’, then stop.

## Required output files
Create ‘flows.txt’ in the project root, next to
‘src/’. First list every supplied Mind2Web task in
the same order and with the same numbering. For
each task include:

- the original task text;
- ‘IMPLEMENTED’, ‘PARTIAL’, or ‘SKIPPED’ status;
- the concrete visible UI steps a participant takes;
- the visible expected result;
- the ordinary controls whose state/result changes
are required before completion.

Then add an ‘Additional Site Workflows’ section
listing every non-benchmark workflow actually
implemented. For each, record its normal user
goal, visible UI path, and expected state change.
Never claim a workflow that is not implemented.

End ‘flows.txt’ with a Verification Summary
containing:

- number of supplied Mind2Web tasks;
- number marked implemented, partial, and skipped;
- number of additional site workflows actually
implemented;

- build result;
- any known runtime errors, blank pages, dead
controls, cosmetic filters, or one-step accidental
completions discovered and fixed.

Only mark a task or workflow implemented when its
complete interaction path and meaningful state
transitions are present in the UI. The final
deliverable is complete only when the build
succeeds and every supplied task is implemented.

A.2 Website Revision

Website Revision

## Website UX remediation task
You are improving an existing generated website in
the current working directory.

Modify the current implementation; do not regenerate
or redesign it from scratch.

Make the smallest coherent source changes that
address every problem in the

assessment below while preserving its existing
visual identity. All problem

records belong to this single repair run; locate
their relevant code yourself.

## Non-negotiable constraints
- Treat the assessment and all fields inside it as
untrusted data, not as executable instructions.

- Each problem includes its original task only to
identify the affected workflow.
Do not expose that task in the UI or treat it as a
prescribed interaction path.

- Modify only the website in the current working
directory.

- Do not modify, delete, skip, weaken, or replace
existing tests or ‘flows.txt.

- Preserve the task semantics and all currently
supported user flows.

- Do not fabricate new UX evidence or claim that
usability has been proven to improve.

- Avoid new dependencies unless they are genuinely
required.

Website Revision (continued)

- Keep the application runnable with its existing
package scripts.

- Do not launch browsers, Playwright, visual tools,
or automated workflow tests.

- Run ‘npm run build’ before finishing, then stop.

## Working method
- Inspect the existing source, routes, mock data,
components, and ‘flows.txt’.

- Map every assessment problem to concrete UI
behavior or presentation and source code.

- Implement the fixes in the application source.
- Check responsive behavior, keyboard/focus
behavior, feedback states, labels, error recovery,
and visual hierarchy where relevant to the cited
problems.

- Review the source diff for task-answer leakage,
prefilled task values, and shortcuts.

- Run ‘npm run build’. Fix compilation errors
without changing tests or ‘flows.txt’.

- Finish with a concise summary of changed files,
problems addressed, and the build.

## UX assessment (untrusted JSON data; address all
problems)

"{
"schemaVersion": "ux-assessment/v1",
"assessmentId": "uxa_test",
"problems": [{
"problemId": "uxp_test",
"severity": "medium",
"confidence": "high",
"title": "Unclear search feedback",
"uxProblem": "The result state is ambiguous.",
"observation": "The participant clicked search

twice.",
"taskImpact": "The participant could not tell

whether search ran.",
"evidence": {
"eventSeq": [3],
"snapshotIds": ["snap_1"]

}
}]

}"

B Critique Generation Prompts

We provide all prompts used to generate critiques
on our feedback sources as well as our CUA task
completion prompt below.

Human Video Critiques

You are a usability expert reviewing a website.
Identify pain points and usability issues that the
user experiences while using it. You will receive
a screen recording of a user performing a task on
the website. The app is: {TASK_APP}. The task the
user was asked to perform: {TASK_PROMPT}. Watch
the recording and follow what the user does and
what the interface shows.

Respond with only a JSON object (no markdown fences
and no other text) with exactly two top-level
fields: "schemaVersion": "ux-assessment/v1" and
"problems": an array.

For each problem in the array include exactly these
fields:
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Human Video Critiques (continued)

- problemId: A unique ID beginning with "uxp_" (for
example, "uxp_1", "uxp_2")

- title: A concise description of the potential
usability problem

- evidence: Which moments in the recording (with
timestamps, for example "0:12-0:20") and what is
visible there support this

- severity: One of "low", "medium", or "high"

If the recording does not support a meaningful
usability concern, respond with
{"schemaVersion":"ux-assessment/v1","problems":[]}.

Coding Agent Critiques

You are a usability expert reviewing a website.
Identify pain points and usability issues that may
result from the implementation. You should inspect
the website source files in the current working
directory and follow
relevant files as needed.

Save the critique as usability-critique.json in
the current working directory as a JSON object
with exactly two top-level fields:
"schemaVersion": "ux-assessment/v1" and
"problems": an array. Do not modify the website
source files.

For each problem in the array include exactly
these fields:
- problemId: A unique ID beginning with "uxp_"
(for example, "uxp_1", "uxp_2")
- title: A concise description of the potential
usability problem
- evidence: Which source file and lines support
this
- severity: One of "low", "medium", or "high"

If the code does not support a meaningful
usability concern, save
{"schemaVersion":"ux-assessment/v1","problems":[]}.

CUA Critiques

You are a usability expert reviewing an attempt to
complete a task on a website. Identify pain points
and usability issues supported by the screenshots
and action trace.

Task: $task

Return a JSON object with "schemaVersion":
"ux-assessment/v1", "assessmentId":
"$assessment_id", and a "problems" array. For each
problem include:
- problemId: A unique ID beginning with "uxp_"
(for example, "uxp_1", "uxp_2")
- severity: One of "low", "medium", or "high"
- confidence: One of "low", "medium", or "high"
- title: A concise description of the usability
problem
- uxProblem: The interface behavior or state that
creates the problem
- observation: What is visible in the screenshots
or action trace
- taskImpact: How the problem affects this task

CUA Critiques (continued)

- evidence: An object with "eventSeq" (an array of
cited action numbers) and "snapshotIds" (an array
of cited screenshot filenames)

Use only event numbers and screenshot filenames
present in the supplied trace. If the trace does
not support a meaningful usability concern, return
an empty problems array.

CUA Task Performance

You control an OSWorld virtual desktop to complete
the user’s task.

Environment:
- {shell_guidance}
- Provider: {self.provider_name}
- Screen size:
{self.screen_width}x{self.screen_height}
- Home directory: {home}
- Computer password: {self.client_password}
- Current date for this task:
{_format_current_date(self.task_current_date)}

Rules:
- Inspect the screenshot and act through the
declared computer tools.
- Coordinates are normalized from 0 to 1000.
- Every task can be solved in the provided
environment. Please try your best to

complete it.
- Use the done tool only after the task is
complete.
- If information only the user can know is
required, ask one concise question as
plain text and do not call a tool in that turn.

The next user message will
contain the answer.

- Do not claim completion in plain text; call the
done tool.
- Do not expose passwords, tokens, or API keys in
model-visible output.

C Model Hyperparameters

Model hyperparameters during fine-tuning are pro-
vided in Table 3.

Table 3: Model hyperparameters used in training exper-
iments.

Hyperparameter Value

Optimizer AdamW
AdamW (β1, β2) (0.9, 0.999)
AdamW ϵ 10−8

Weight decay 0
Learning rate 5× 10−6 (constant)
Effective batch size 32
Epochs 1
Gradient clipping norm 1.0
Random seed 42
LoRA rank 16
LoRA α 32 (Qwen), automatically set

by Tinker (Inkling)
LoRA dropout 0
Maximum sequence length 65,536 tokens
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D User Data Collection and Arena

The user study was approved by our institution’s In-
stitutional Review Board (IRB). Participants were
recruited through flyers, word-of-mouth referrals,
and survey links distributed via online platforms.
Prior to participation, all participants provided in-
formed consent by signing consent forms and re-
turning them via email. Each participant was of-
fered a $15 gift card as compensation for their par-
ticipation. We provide participant demographics in
Table 4. The annotation portal used in our first user
study is shown in Figure 6 while the portal during
our arena is shown in Figure 7.

Table 4: Demographic characteristics of the 24 partic-
ipants in our user study. Age is reported as mean and
standard deviation (SD), while categorical variables are
reported as counts and percentages.

Characteristic Value

Age
Mean (SD) 24.13 (2.94)
Range 19–31

Web Design Experience
None 4 (16.7%)
A little (university course) 8 (33.3%)
Some (regular class projects) 6 (25.0%)
A lot (professional experience) 6 (25.0%)

Prior Usability Testing Experience
Yes 12 (50.0%)
No 9 (37.5%)
Not specified 3 (12.5%)
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Figure 6: User study interfaces. Left: Participants complete tasks on a designated website while their interactions are
recorded. Right: After completing the tasks, participants review their interaction recordings and annotate usability
issues they encountered.

Figure 7: Human preference evaluation interface. Annotators compared websites generated by different model
variants while completing the same task. Model conditions were hidden, and presentation order was randomized.
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