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Abstract

While Large Language Models (LLMs) ex-
cel at algorithmic code generation, they strug-
gle with front-end development, where cor-
rectness is judged on rendered pixels and in-
teraction. We present ReLook, an agentic,
vision-grounded reinforcement learning frame-
work that empowers an agent to close a robust
generate—diagnose—refine loop by invoking a
multimodal LLM (MLLM) as a tool. During
training, the agent employs an MLLM-in-the-
loop to serve as a visual critic, evaluating code
via screenshots and providing actionable feed-
back. Crucially, we enforce a strict zero-reward
policy for invalid renders to guarantee render-
ability and mitigate reward hacking. To prevent
behavioral collapse, we introduce Forced Op-
timization, a strict acceptance rule that admits
only improving revisions, yielding monotoni-
cally better trajectories. At inference, we de-
couple the critic and run a lightweight, critic-
free self-edit cycle, keeping latency compara-
ble to base decoding while retaining most of the
gains. Across three widely used benchmarks,
ReLook consistently outperforms strong base-
lines in vision-grounded front-end code gener-
ation, highlighting the benefits of agentic per-
ception, visual rewards, and training—inference
decoupling.

1 Introduction

Large Language Models (LLMs) excel on closed-
form benchmarks—programming contests (Li
et al., 2022), SQL synthesis (Liu et al., 2024), and
mathematical reasoning (Yang et al., 2024)—yet
still underperform on front-end code generation,
where visual fidelity and interaction are first-class.
Unlike binary unit tests in algorithmic tasks, front-
end quality lies on a continuum: a single mis-
aligned pixel can signify failure.

This perceptual barrier explains current short-
comings: text-only models are blind to pixel-level
consequences, yielding (i) layout drift, (ii) inter-
action breakage, and (iii) aesthetic inconsistency.

To address this, a model must (1) see rendered
HTML/CSS/JS/SVG, (2) diagnose misalignments
and broken interactions, and (3) iteratively refine
in situ. Existing methods miss this loop: one-
shot vision-to-code systems (pix2code (Wiist et al.,
2024), Design2Code (Si et al., 2024), UICoder (Wu
et al., 2024)) generate but do not refine; self-
refinement frameworks (CodeRL (Le et al., 2022),
Self-Refine (Madaan et al., 2023), Reflexion (Shinn
et al., 2023), CRITIC (Gou et al., 2023; Peng et al.,
2025; Zhang et al., 2025b)) iterate but cannot see,
relying on pixel-blind unit tests or linters.

To bridge this gap, we introduce ReLook, a
vision-grounded agentic reinforcement learning
framework that completes the generate—diagnose—
refine loop. The agent actively invokes an MLLM
as a tool to "see" rendered outputs and obtain
rich textual suggestions during inference, enabling
true iterative refinement. Training uses a compre-
hensive reward system: a powerful MLLM (e.g.,
Qwen2.5-VL (Wang et al., 2024)) supplies the
perceptual signal text-only methods lack, and a
rendering-integrity rule assigns zero reward when
required screenshots are invalid to deter reward
hacking.

However, we identify a critical challenge: be-
havioral collapse, where despite high-quality feed-
back, a subsequent revision can be worse. We
adopt a Forced Optimization strategy that accepts
only strictly improving steps, ensuring high-quality,
monotonically improving trajectories. For low-
latency inference, the external critic can be dis-
carded; the model performs a lightweight self-edit
cycle—render, self-edit, and converge quickly to a
human-aligned result.

Evaluator validity and choice. Our offline eval-
uation strictly follows the ARTIFACTSBENCH pro-
tocol(Zhang et al., 2025a). ARTIFACTSBENCH
establishes evaluator validity through: (i) con-
trolled human studies demonstrating over 90%



agreement between MLLM judges (Gemini-2.5-
Pro, Qwen2.5-VL-72B) and human experts, and
(i) strong ranking correlation with WebDev
Arena(LMSYS Org, 2024), a large-scale crowd-
sourced platform. Since our test sets are strict sub-
sets of ARTIFACTSBENCH’s evaluated tasks, we
directly inherit this established human-alignment
evidence. To further mitigate on-policy judge
overfitting, we decouple the training-time critic
(Qwen2.5-VL-72B-Instruct) from the offline eval-
uator (Gemini-2.5-Pro). We do not conduct addi-
tional human studies; validity rests on ARTIFACTS-
BENCH’s rigorous validation. See Appendix for
detailed protocol adherence and cross-judge analy-
sis.
Our contributions are as follows:

* Robust Reward System. We employ an
MLLM as the reward model to provide the
rich, pixel-level training signal that text-only
methods cannot capture. This is critically sup-
plemented by a zero-reward rule for answers
without screenshots, which is designed to pre-
vent reward hacking by forcing the agent to
produce renderable code.

Agent reinforcement learning Framework.
We empower the agent to perform a gener-
ate—diagnose-refine loop by actively invoking
an MLLM as a diagnostic tool. The agent can
“see” its rendered output and receive rich, ac-
tionable feedback for iterative improvement.
To ensure this powerful loop is productive and
stable, we introduce a Forced Optimization
strategy that addresses the challenge of behav-
ioral collapse by guaranteeing the construc-
tion of high-quality, monotonically improving
rollout trajectories.

Broad Applicability. We perform extensive
experiments on three widely-used benchmark
datasets, and demonstrate that ReL.ook signifi-
cantly outperforms the baselines. Moreover,
we show the compatibility of ReL.ook by inte-
grating it with different LLMs.

2 Method

2.1 Problem Formulation

Given a natural-language query ¢, the
model outputs text ¢ and front-end code c
(HTML/CSS/JS/SVG). Correctness depends on
rendered appearance and behavior rather than

syntax. We therefore use an MLLM judge to
provide perceptual reward and design an agentic
RL framework that allows vision-grounded
feedback to refine c.

2.2 Overall Framework

ReLook runs a generate—diagnose—refine loop: ren-
der to temporal screenshots, score with an MLLM,
incorporate feedback, and continue under a Forced
Optimization rule that accepts only strictly improv-
ing steps. Reflection is internalized so the external
critic can be dropped at test time.

2.3 Iterative Reflection Mechanism

For each query g, the policy emits ¢ and c¢. Upon

<get_feedback>, we execute c in a sandbox, cap-

ture screenshots, and query the MLLM for feed-

back m (wrapped in <ml1lm_feedback>). We feed

{q,t, ¢, m} into the next round and stop when feed-

back is not requested or a round cap is reached.
The final output is represented as:

o=t ®m & ---Dtp®cr] (1)

where t,, ¢, m, denote the r-th round’s text, code
and feedback blocks, and R is the total number of
reflection rounds. The prompt template is provided
in the appendix.

2.4 Reinforcement Learning Framework

To optimize this framework, we employ Group Rel-
ative Policy Optimization (GRPO) as our training
algorithm, which is based on a token-level policy
gradient loss and is related to PPO (Schulman et al.,
2017) while differing from preference-based objec-
tives such as DPO (Rafailov et al., 2023). The
objective is defined as follows:

Jarpo(6)

G
=E [q ~ P( ) {07’}1 1 ™ TOcombined (O|Q):|
G loil
C o Ozt|% t) A
<o 2D qm ﬁAi,t,
z 1|01|Z 1 t=1 71-901(1 0 t|qit
clip (m(%!qu&l +5> Ai,t}
T0o1a (Oi,t|(]i,t)

— BDxr [0l |mrey] }
(@)

Only tokens in ¢, ¢ contribute non-zero advantages;
critic tokens m are masked (A; ;=0 on m).
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Figure 1: Overview of ReLook. Left: training closes a generate—diagnose—refine cycle: policy LLM generates code,
pages rendered to temporal screenshots, and a vision-aware critic (MLLM) provides scores and feedback. Rewards
combine visual scoring and format constraints; the policy is optimized with GRPO. Right: at inference the model
runs a lightweight Re-Look cycle — external critic may be omitted for latency or used for higher accuracy.

Advantage estimation and credit assignment.
We sample G trajectories per query and com-
pute returns from RRerook(0i) (Eq. 5). Using
the group mean b as baseline, the advantage is
A, = RRerook(0;) — b, broadcast to policy to-
kens (text £, code c) while masking critic tokens
m (/Ali,t:() on m). Advantages are standardized
and clipped to [—2, 2]. We regularize toward 7, ¢
with KL weight 3. The combined policy my,_,.
is defined as: [mg_, for t,,c,| @ [mmrrm for m,],
where myirMm 18 a frozen MLLM critic (Qwen2.5-
VL-72B-Instruct). Trajectories mix policy tokens
(tn, cn) and critic tokens (m,,). During training,
only 7y is updated. The hyperparameters ¢ and
B control clipping range and KL regularization
strength.

Token masking and lightweight feedback dis-
tillation. We optimize GRPO over policy to-
kens (¢, ¢) and mask critic tokens m by zero-
ing advantages. To enable critic-free inference,
we optionally distill m-tokens with lightweight
loss L}, toward frozen MLLM outputs (see
Appendix §F for details). The total objective is
L= —jé’lgpo + v Ly (default v=0.1, sweep
~ € [0.05,0.3]). This lets RL improve visual qual-
ity while distillation transfers feedback style for
test-time self-reflection.

2.5 Reward Design

Conventional RL signals for code, such as unit
tests or linters, operate purely in the text domain
and are blind to visual defects. To address this,
our reward is derived from a powerful Multimodal
LLM (Qwen2.5-VL-72B-Instruct) that scores ren-
dered pages based on the user prompt, the gener-

ated code, and a series of temporal screenshots.
Capturing screenshots at multiple time points al-
lows the critic to assess dynamic behavior. Within
each reflection round we capture three time points
{S1, 52,53} (e.g., post-load, +1s, +2s) and jointly
evaluate them in a single scoring call to obtain one
round-level score. To properly credit incremental
progress across rounds, we then average the round-
level scores within a trajectory.

A critical component of this design is a safeguard
against reward hacking, where malformed but syn-
tactically plausible code might be over-rewarded.
We enforce a strict renderability constraint: if any
required screenshot is invalid (e.g., due to a render
failure or timeout), the reward is zero. While this
eliminates degenerate reward channels, it can lead
to sparse rewards early in training. To mitigate this,
we engineer all prompts to include a visual-output
constraint that explicitly instructs the agent to write
executable HTML/CSS/JavaScript/SVG code suit-
able for browser rendering (see Appendix for full
prompt template). This simple but effective tech-
nique increases the initial Valid Render Rate (from
~40% at the start of training to ~80% upon con-
vergence) and better aligns the generation task with
our vision-grounded reward. This reward function
is formally defined as:

VisualScore(o) if screenshot valid

Ryiim(o) = {

0 otherwise

3)

To discourage repetition, we apply a linear
length penalty from Lyt to Leyng (12k and 14k



tokens):

1 iflen(0) < Lgtart

Rien(0) = § G227 if Lyan < len(0) < Leng
0 iflen(o) > Leng

4)

The final training reward is:
RReLook(0) = RMLLM(0) - Rien(0) %)

2.6 Forced Optimization

While the MLLM critic provides rich, detailed feed-
back, we observe a critical instability we term be-
havioral collapse: despite high-quality suggestions,
a subsequent revision may score lower than the
previous one, degrading trajectories.

We therefore adopt a Forced Optimization
mechanism. We initially explored a negative-
reward penalty for regressions (rejecting worse-
than-previous outcomes by penalizing returns), but
found it incentivized the agent to reduce reflection
frequency to avoid penalties, i.e., reward hacking.
Hence, we discard the penalty design and enforce a
strict acceptance rule: a refinement step (new ¢, 1,
cr+1) 18 accepted only if its reward strictly exceeds
the best-so-far in the trajectory (no € margin or re-
scoring). Non-improving steps are rejected and a
new attempt is sampled, with a maximum of 10
resampling attempts per reflection round. If the
limit is reached without improvement, we termi-
nate further reflection for that trajectory and use
the best-so-far result. This guarantees monotoni-
cally improving accepted trajectories and stabilizes
learning without suppressing useful reflections.

2.7 Efficient Inference

During training we retain the MLLM feedback loop
for self-correction. At inference, we drop the exter-
nal MLLM and run a lightweight, critic-free self-
edit (at most three rounds), with screenshots and
MLLM calls disabled. This preserves most gains
while substantially reducing latency, following a
train-slow, run-fast paradigm. See Appendix for
pseudocode.

3 Experiment

3.1 Experimental Settings

Training Data Curation. We curate a 3,000-
task corpus of front-end-only tasks, normalize de-
scriptions, and remove near-duplicates via lexi-
cal/DOM/code similarity. Prompts are audited to

remove hints and sanitized; the final data are split
into train/val stratified by UI archetypes.

Train-Test De-duplication Protocol. To prevent
leakage to ArtifactsBench, FullStack-Bench-Html
and Web-Bench, we run instance-level, multi-view
de-duplication before training:

* Lexical: TF-IDF over char 3-grams; cosine
> (.85.

* DOM: tag-bigram Jaccard > 0.90; fallback
tree-edit distance for edge cases.

* Code: token-set Jaccard > 0.90 after strip-
ping comments/whitespace and minifying.

If any criterion triggers, the instance is removed.
Borderline cases (e.g., lexical in [0.80, 0.85] plus
structural overlap) are manually reviewed. The
same procedure purges intra-train near-duplicates.

Dataset. We evaluate the performance of our
method on three widely used datasets: Artifacts-
Bench (Zhang et al., 2025a), FullStack-Bench-
Html (Cheng et al., 2024) and Web-Bench (Xu
et al., 2025). ArtifactsBench contains 1,825 tasks
focused on generating dynamic and interactive vi-
sual outputs, such as SVG visualizations and mini-
games. Its evaluation protocol uses a Multimodal
LLM to score the visual fidelity and interactive
integrity of the rendered code. ArtifactsBench uti-
lizes Gemini-2.5-Pro as an expert judge to evaluate
model outputs across its 1,825 tasks, demonstrat-
ing over 90% agreement with human evaluators.
To manage evaluation costs, we conduct our ex-
periments on six of its sub-datasets. We use the
shorthand A-* for ArtifactsBench subsets: A-Lite
(300 randomly sampled cases), A-Easy (305 sim-
ple frontend cases), A-Game (all 413 game-related
cases), A-SVG (all 123 SVG-focused cases), A-
Web (all 447 web-specific cases), and A-Si (all 75
simulation-oriented cases). FullStack-Bench-Html
provides a collection of front-end programming
tasks where functional correctness is programmat-
ically validated by passing a suite of predefined
unit tests. Web-Bench simulates realistic web de-
velopment workflows through 50 complex projects
of 20 sequential tasks each. Following its official
protocol, performance is measured by passing end-
to-end test cases that validate the final project’s
functionality, and we report the pass@?2 rate.



Sandboxed Rendering Environment. We ex-
ecute model-produced code within a headless
Chromium-based renderer that is both deter-
ministic and secure. This sandboxed environ-
ment operates at the OS level, with filesys-
tem and network access disabled. Safety is
further enhanced by blocking dangerous APIs
(e.g., window.open, alert/confirm/prompt,
eval/Function, clipboard access, non-local
fetch/XMLHttpRequest/WebSocket), and enforc-
ing a per-sample wall-clock timeout. Requests to
non-whitelisted origins are intercepted and failed
closed. To ensure determinism, all external re-
sources like fonts and images are replaced with
local fixtures; timers and animations use determin-
istic seeds; and we enforce a strict Content Secu-
rity Policy that disallows inline scripts and remote
scripts. Within this controlled environment, our
visual capture mechanism is dynamic: we take
full-page screenshots that automatically adjust to
the content’s full dimensions, guaranteeing no el-
ements are missed. To capture dynamic behavior,
we record these screenshots at 7'=3 distinct time
points (e.g., post-load, +1s, +2s), which are then
passed to the MLLM critic to compute the reward
signal.

Evaluator validity and cross-judge robustness.
We adopt the evaluation protocol from ARTIFACTS-
BENCH(Zhang et al., 2025a), which establishes
validity through two key mechanisms: (i) a con-
trolled human study showing over 90% agree-
ment between MLLM evaluators (Gemini-2.5-Pro
and Qwen2.5-VL-72B) and human experts across
diverse front-end tasks, and (ii) strong ranking
correlation (Spearman p > 0.85) with WebDev
Arena(LMSYS Org, 2024), a large-scale crowd-
sourced evaluation platform. Critically, our test
sets (A-Lite, A-Easy, A-Game, A-SVG, A-Web,
A-Si) are strict subsets of ARTIFACTSBENCH’s
human-validated tasks, allowing us to directly in-
herit the established human-alignment evidence.
Consistent with ARTIFACTSBENCH, we decouple
the training-time critic (Qwen2.5-VL-72B-Instruct,
open-source) from the offline evaluator (Gemini-
2.5-Pro, proprietary). Cross-judge consistency and
further details are summarized in Appendix §B.

3.2 Evaluation Protocol

We follow a pixel-grounded evaluation protocol
aligned with ARTIFACTSBENCH. For vision-based
front-end tasks, models produce code that is exe-

cuted in our sandboxed browser to capture tempo-
ral screenshots at three time points (post-load, +1s,
+2s). An independent evaluator (Gemini-2.5-Pro)
assigns a VisualScore on the [0, 100] scale consid-
ering: (i) adherence to the textual specification,
(i1) layout alignment and spatial fidelity, (iii) ty-
pography and color coherence, and (iv) interactive
integrity when actions are specified. If no valid
screenshot is produced, the score is set to zero. We
report means over three runs (three random seeds)
with identical decoding parameters.

For FullStack-Bench-Html, we follow the bench-
mark’s official unit-test protocol and report the
pass rate under the same inference setup as other
methods. For Web-Bench, we follow its official
end-to-end evaluation and report pass@2 across
projects. Unless otherwise stated, all reported
metrics—including Web-Bench pass @2—are av-
eraged over three runs. Decoding hyperparameters
(temperature and top-p) are fixed across systems
unless otherwise stated; local fixtures are cached to
avoid network variance.

Baselines and variants. Our experiments are
conducted on two strong instruction-tuned base
models: Qwen2.5-7B-Instruct and Llama-3.1-8B-
Instruct. On each of these backbones, we com-
pare three distinct approaches: (i) Base Model (the
frozen instruction-tuned model, serving as a di-
rect baseline), (ii) Web-RL (vision-grounded RL
using the MLLM reward but without the agentic
reflection mechanism), and (iii) ReLook (our full
framework with agentic MLLM-in-the-loop reflec-
tion). All methods use identical inference parame-
ters, prompts, and rendering infrastructure for fair
comparison. We also include results for GPT-40
(via OpenAl API) and Qwen2.5-32B-Instruct (lo-
cal deployment) as reference points representing
stronger base models; these are evaluated under
the same protocol. We do not compare with prior
specialized visual code generation methods (e.g.,
Design2Code(Si et al., 2024), UICoder(Wu et al.,
2024)) because: (i) they were evaluated on differ-
ent datasets without established cross-benchmark
protocols, and (ii) official implementations are not
publicly available for controlled comparison on our
benchmarks. Our Web-RL baseline serves as a
strong vision-aware RL reference that isolates the
contribution of agentic reflection.

Manual validation (GSB). To complement au-
tomated evaluation, we conduct a double-blind hu-
man study on 100 randomly sampled tasks com-



paring Qwen2.5-7B-ReLook against Qwen2.5-7B-
Instruct. Five independent annotators directly run
both systems’ code in our sandboxed renderer and
select one of three labels: G (ReLook better), S
(same), B (ReLook worse). Majority voting aggre-
gates per-task labels. Results are summarized as
G:S:B = 50 : 30 : 20, indicating a clear preference
for ReLook under human judgment.

Implementation Details We implement ReL.ook
with grouped rollouts under GRPO. The model is
trained for a maximum of 40 steps with a train-
ing batch size of 256. The learning rate is set to
le-6, and we employ a linear warmup (first 5%)
and cosine decay schedule. For the GRPO loss
function, we set the group size G for rollouts per
query to 8 and the clipping parameter € to 0.2. We
apply a KL penalty toward a reference policy with
a non-zero weight 5 and sweep 8 € [0.01,0.05]
(step 0.01). We also sweep the advantage clip-
ping bound in {1, 2, 3} for robustness. The group
size and the number of sampled trajectories per
query are chosen to fit accelerator memory while
maintaining adequate exploration; gradient accu-
mulation is used to emulate larger effective batch
sizes. Mixed precision (bfloat16/fp16) and activa-
tion checkpointing reduce memory footprint. For
critic feedback tokens, GRPO is masked out; we
optionally add a lightweight distillation loss with
weight v on the feedback tokens to imitate the
frozen MLLM’s feedback style. Unless otherwise
noted, we use y=0.1 and sweep vy € [0.05,0.3] in
sensitivity checks. For the length penalty, we set
the bounds to Lt = 12k and Leyg = 14k.

We use 64 GPUs (32 policy, 32 MLLM), 80
minutes per step, and a curated corpus. Decoding
is identical across systems (temp 1.0, top-p 0.7);
results average three seeds. Prompts and sandbox
are shared. We select checkpoints by mean Visu-
alScore. We focus on 7B/8B backbones; larger-
scale RL is future work.

3.3 Main Results

Table 1 and Figure 2 present the main results.
ReLook achieves substantial improvements over
both base models and Web-RL (vision-grounded
RL without agentic reflection). Notably, ReLook-
w/o-MLLM—which relies solely on internalized
reflection without external critic calls—still outper-
forms Web-RL, demonstrating successful internal-
ization of the refinement mechanism with minimal
inference overhead.

ArtifactsBench Evaluation Results

Figure 2: Radar plot showing ReLook’s consistent im-
provements across all ArtifactsBench subsets for both
Qwen2.5-7B and Llama-3.1-8B backbones (averaged
over 3 seeds).

Beyond absolute scores, we consistently observe
the strictly monotone ordering predicted by our de-
sign: ReLLook > Web-RL > Base Model. The gap
between Web-RL and ReLook underscores the im-
portance of a vision-aware training signal coupled
with the generate—diagnose—refine loop. Qualita-
tive examples are shown in Appendix Figure 6.

ArtifactsBench-Lite

Qwen2.5-7B-Instruct-ReLook

28 P
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24

ArtifactsBench-Lite Score (%)

22 .Qwenz 5-7B-Instruct

7B 32B
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Figure 3: Performance on ArtifactsBench-Lite showing
consistent ordering: ReLook > Web-RL > Base Model.
Results averaged over 3 seeds.

Figure 3 summarizes performance on the
ArtifactsBench-Lite subset. It exhibits the strictly
monotone ordering ReLook > Web-RL >
Base Model and highlights consistent gains for
both Qwen2.5-7B and Llama-3.1-8B backbones,
echoing the trends in Table 1. This compact subset
mirrors the broader benchmark and provides an in-
tuitive visualization of the average improvements
delivered by ReLook.

Figure 4 evidences behavioral collapse in the
base model after 2-3 rounds despite feedback,
while ReLLook improves monotonically. We cap
reflections at three rounds for efficiency and keep
this at inference.

Figure 5 shows that reflection frequency in-
creases and stabilizes during training, aligning with



Model A-Lite A-Easy A-Game A-SVG A-Web A-Si FullStack-Bench-Html Web-Bench
Qwen2.5-32B-Instruct 2573  33.52 24.36 26.36  27.34 2530 70.00 10.90
GPT-40 3325 34.23 33.04 3374 3431 3144 71.25 23.80
Claude 3.5 Sonnet 39.64  49.37 38.46 4194 4126 3943 81.88 32.39
Llama-3.1-8B-Instruct 21.04  27.11 19.25 20.33 2191 19.18 57.50 2.50
Llama-3.1-8B-Instruct-Web-RL 21.67  29.80 20.61 21.64 2315 2044 61.75 2.75
Llama-3.1-8B-Instruct-ReLook-w/o-MLLM 2232 30.52 21.18 22.41 24.03 2297 63.75 2.90
Llama-3.1-8B-Instruct-ReLook 23.08 31.86 22.04 22.74 2542 2452 63.75 2.90
Qwen?2.5-7B-Instruct 21.59  30.70 20.62 1770 25.69 18.61 65.00 3.00
Qwen2.5-7B-Instruct-Web-RL 2489  32.64 22.14 18.87 2673 18.82 63.25 3.48
Qwen2.5-7B-Instruct-ReLook-w/o-MLLM 2544 3329 23.05 18.92 27.11  22.15 67.50 4.20
Qwen?2.5-7B-Instruct-ReLook 27.88 34.12 26.72 2092 2831 26.36 67.50 4.20

Table 1: Main results on ArtifactsBench subsets (A-Lite/Easy/Game/SVG/Web/Si), FullStack-Bench-Html, and
Web-Bench (pass@2). VisualScores follow ARTIFACTSBENCH [0, 100] scale. ReLook uses up to 3 reflection
rounds; ReLook-w/o-MLLM relies on internalized self-reflection without external critic. For unit-test benchmarks
(FullStack, Web-Bench), both variants use identical critic-free inference, yielding same scores. Bold: best per

backbone. Means over 3 seeds (temp=1.0, top-p=0.7).

MLLM Score Comparison Between Different Models

—— Qwen2.5-7B-Instruct - 8 Inference Score
+ Qwen2.5-7B-Instruct - Average Score
—— ReLook - 8 Inference Score
65, ¢ Relook - Average Score

Inference 1 Inference 2 Inference 3 Inference 4 Inference 5 Inference 6 Inference 7 Inference 8  Average
Score

Inference Step / Score Type

Figure 4: Behavioral collapse mitigation. Base model
(Qwen2.5-7B-Instruct) degrades after initial attempts
despite MLLM feedback, while ReLook exhibits mono-
tonic improvement across eight forced reflection rounds
on ArtifactsBench-Lite. Scores from training-time
judge (Qwen2.5-VL-72B).

Forced Optimization’s incentive structure. The av-
erage converging to 2 rounds suggests most tasks
reach capacity after two refinements.

Due to space limitations, additional analyses re-
garding the scalability of the critic model and per-
formance in out-of-distribution scenarios are pro-
vided in Appendix A.

3.4 Ablation Study

We ablate three components: (i) vision-based
MLLM reward, (ii) format constraint invalidating
non-renderable outputs, and (iii) Forced Optimiza-
tion. Table 2 shows each component is critical.
Vision reward provides essential perceptual signal
(+3.3 points). Format constraint prevents reward
hacking (+1.0). Forced Optimization has the largest
impact (+2.0), directly mitigating behavioral col-
lapse. “Single-sample” denotes limiting ReLook to
sample only one instance per reflection round, en-

MLLM Reward Format Constraint Forced Optimization ~ ArtifactsBench-Lite 1
21.59
24.89
25.84
Single-sample 26.98
v 27.88

ENENENEN
ENENEN

Table 2: Ablation Study on ArtifactsBench-Lite. Results
are averaged over 3 random seeds.

suring that the gains do not stem from an increased
generation budget. All ablations use identical seeds
and the external evaluator to avoid bias.

3.5 Inference speed improvement after
removing MLLM

We use VLLM to deploy the Qwen2.5-7B-Instruct
model on four H20 GPUs and the Qwen2.5-VL-
72B-Instruct model on eight H20 GPUs. We set the
number of parallel threads to 1 and limit the maxi-
mum number of reflection steps to 3. We conduct
inference on 100 queries and measure the average
inference time per query. ReLook takes an aver-
age of 123.04 seconds per query, whereas ReL.ook-
w/o-MLLM takes only 18.03 seconds. The results
indicate that removing the screenshot and MLLM
invocation mechanism substantially improves in-
ference efficiency.

MLLM Reward ReLook Rate

0 10 20 30 0 10 20 30
Step Step

Figure 5: Intermediate Results of RL Training



3.6 Qualitative Analysis

Appendix H presents a qualitative analysis of
ReLook.

4 Related Work

4.1 Visual Code Generation

Early vision-to-code systems translate static screen-
shots to HTML/CSS (Wiist et al., 2024) in one shot.
Recent methods add structure—Design2Code (Si
et al.,, 2024), Web2Code (Yun et al., 2024),
UlCoder (Wu et al., 2024), DesignCoder (Chen
et al., 2025)—but mainly optimize static similarity.
While these methods improve structural representa-
tion, they fundamentally lack a closed-loop mech-
anism to iteratively see, diagnose, and refine their
own rendered outputs. ReLook addresses this by
placing a renderer directly in the training loop, us-
ing vision-grounded rewards from temporal screen-
shots, and internalizing the refinement process via
RL.

4.2 Feedback-Driven Code Reinforcement
Learning

RL for program synthesis leverages unit-test re-
wards and large candidate sets (Le et al., 2022;
Li et al., 2022); reflective/tool-driven critiques im-
prove correction (Madaan et al., 2023; Shinn et al.,
2023; Gou et al., 2023; Peng et al., 2025). How-
ever, for front-end tasks, these approaches are pixel-
blind. Even with structured visual instructions,
their reliance on proxy signals like unit tests or
linters cannot address defects in visual layout or
interactive behavior. We couple the policy with a
direct perceptual reward from temporal screenshots
and explicitly stabilize this noisy learning process
via Forced Optimization and a zero-reward rule for
invalid renders.

4.3 Acceptance criteria, best-of-N, and
verifier-assisted search.

A broad line of work improves generation via exter-
nal selection/search: Codex/AlphaCode sample-
and-test (Chen et al., 2021; Li et al., 2022);
self-consistency/tree deliberation aggregate candi-
dates (Wang et al., 2022; Yao et al., 2023); agen-
tic self-refinement uses iterative critique (Madaan
et al., 2023; Shinn et al., 2023; Gou et al., 2023).
Our Forced Optimization differs in both criterion
and rule: a vision-grounded score from temporal
screenshots (not unit tests), and acceptance strictly

requiring monotonic improvement within one tra-
jectory. Unlike best-of-N or offline re-ranking,
our rule is online, in-trajectory, preventing regres-
sions and reward hacking, yielding stable, visually
aligned improvements for front-end code.

4.4 Multimodal UI Perception and Evaluation

Recent MLLMs ground web elements and lay-
outs (OpenAl, 2023; Wang et al., 2024); web-
agent/GUI benchmarks show the value of vision-
conditioned reasoning (Zhou et al., 2023; Koh et al.,
2024; Li et al., 2025). For evaluation, MLLM-as-
Judge is common (Ge et al., 2023; Zheng et al.,
2023); front-end benchmarks emphasize visual and
interactive quality (Xu et al., 2025; Zhang et al.,
2025a). Accordingly, we place visual scoring in
training to internalize layout/interaction principles,
and drop the critic at inference for latency.

ReLook unifies these threads via MLLM-based
visual rewards within RL, offering a practical path
to visually aware, self-improving front-end genera-
tion.

5 Conclusion

We introduce ReLook, a vision-grounded RL
framework that establishes a robust generate—
diagnose-refine loop for front-end code generation.
Specifically, ReLook integrates a multimodal LLM
critic with two strategic mechanisms: zero-reward
penalties for invalid renders and Forced Optimiza-
tion. As a result, it consistently outperforms strong
baselines (ReLook > Web-RL > Base) while en-
abling efficient, critic-free inference. We anticipate
that embedding perception-aligned evaluators in
the learning loop will generalize beyond web Uls
to broader perceptual programming domains.

6 Limitations

Addressing complex multi-file project tasks, such
as those in Web-Bench, remains a significant chal-
lenge. This indicates that traversing beyond the
scope of single-artifact refinement to achieve ro-
bust long-horizon reasoning will necessitate further
architectural innovations. Furthermore, our experi-
ments are currently limited to 7B/8B-scale models
and front-end development. Therefore, evaluating
scalability to larger models and broader software
stacks requires additional investigation. Finally,
to facilitate reproducibility and support future re-
search, we will make our code publicly available
upon publication.
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A Additional experimental results

Impact of the Critic Model. With the rapid evo-
lution of multimodal technology, more advanced
models such as Qwen3-VL demonstrate superior
visual and code comprehension capabilities com-
pared to Qwen2.5-VL. To investigate the impact of
the critic’s quality on the training outcome, we sub-
stitute the original Qwen2.5-VL-72B-Instruct critic
with Qwen3-VL-8B-Instruct and Qwen3-VL-32B-
Instruct, while employing Qwen2.5-7B-Instruct-
ReLook as the base policy model. The comparative
results are reported in Table 3. It can be observed
that as the capability of the Critic Model strength-
ens, the performance of the final model also gradu-
ally improves.

Evaluation on OOD Scenarios. To further
assess the robustness of the model in out-of-
distribution (OOD) environments, we evaluate
ReLook on LiveCodeBench v6 (2025-02 ~ 2025-
05). Qwen2.5-7B achieves a score of 0.213, com-
pared to 0.198 for ReLook. This demonstrates
that ReLook maintains competitive performance in
OOD scenarios.

Validation on Different Base Models. We ad-
ditionally validate our framework by instantiating
the ReL.ook Agent with Qwen3-VL-8B-Instruct.
Leveraging the model’s superior code understand-
ing and visual capabilities, the agent achieves a
competitive score of 35.83 on A-Lite. This exper-
iment underscores the framework’s inherent scal-
ability and its ability to generalize effectively to
diverse baseline models.

B External validity and cross-judge
analysis

We align our evaluator setup with ARTIFACTS-
BENCH(Zhang et al., 2025a), which establishes
validity through rigorous empirical validation:

Human-MLLM Agreement. ARTIFACTS-
BENCH conducted a controlled human study
with expert web developers evaluating a stratified
sample of 200 tasks. Results showed over 90%
agreement (Cohen’s x > 0.85) between human
judgments and MLLM evaluators (Gemini-2.5-
Pro and Qwen2.5-VL-72B) on visual fidelity,
layout correctness, and interactive integrity. The
study used a double-blind protocol with three
independent human raters per task.

11

Crowdsourced Validation. Beyond controlled
studies, ARTIFACTSBENCH validated MLLM
judges against WebDev Arena(LMSYS Org, 2024),
a large-scale platform with over 10,000 pairwise
comparisons from web developers. The MLLM
rankings showed strong correlation (Spearman p =
0.87 for Gemini-2.5-Pro, p = 0.83 for Qwen?2.5-
VL-72B) with crowd preferences.

Our Protocol Adherence. Since our test sets
(A-Lite, A-Easy, A-Game, A-SVG, A-Web, A-Si)
are strict subsets of ARTIFACTSBENCH’s 1,825
human-validated tasks, we directly inherit this es-
tablished validity. We use the official evaluation
scripts, judge prompts, and scoring rubric without
modification. To mitigate on-policy overfitting, we
decouple training-time critic (Qwen2.5-VL-72B-
Instruct) from offline evaluator (Gemini-2.5-Pro).
We do not re-run human studies; validity is an-
chored in ARTIFACTSBENCH’s reported evidence.

Score Interpretation. The absolute VisualScore
range (20-30 for 7B/8B models) reflects benchmark
difficulty: ARTIFACTSBENCH tasks span complex
interactions, dynamic animations, and pixel-perfect
layouts. Reference models (GPT-40: 33, Qwen2.5-
32B: 26) establish that even frontier systems find
these tasks challenging. The [0, 100] scale provides
fine-grained discrimination; we report relative im-
provements over baselines.

C Pseudocode for ReLook

D Evaluator rubric and scoring range

We use a fixed evaluation rubric for VISUALSCORE.
During training, the critic’s visual score used for
RL is normalized to [0, 1] for stability. For of-
fline reporting and tables, we follow ARTIFACTS-
BENCH and report evaluator outputs on a [0, 100]
scale; all numbers in the main results tables and
figures are on this [0, 100] scale unless otherwise
specified. The rubric jointly considers: (i) specifi-
cation adherence; (ii) layout alignment and spatial
fidelity; (iii) typography and color coherence; and
(iv) interactive integrity for tasks specifying ac-
tions. For dynamic behavior, each reflection round
is evaluated on three temporal screenshots jointly
in a single scoring call to obtain one round-level
score; trajectory-level reward averages round-level
scores. We do not perform multi-judge averaging
or smoothing.



Critic Model A-Lite A-Easy A-Game A-SVG A-Web A-Si FS-Html Web-Bench
Qwen2.5-VL-72B-Instruct  27.88  34.12 26.72 20.92 2831 26.36 67.50 4.20
Qwen3-VL-8B-Instruct 2896  34.02 28.43 21.77 28.84 27.94 68.75 5.48
Qwen3-VL-32B-Instruct 3295 3547 31.95 29.75 34.02 30.83 72.50 8.35

Table 3: Ablation study on the Critic Model. We compare the performance of the base model (Qwen2.5-7B-Instruct-
ReLook) when trained with guidance from different critic models. The results demonstrate that stronger critics lead

to better performance.

E The loss function for Forced
Optimization

Faced with the "behavior collapse" problem, we
first attempted a negative-reward penalty compar-
ing post-feedback scores to pre-feedback scores. If
an optimized answer was worse than its predeces-
sor, a negative reward was applied. We observed
that this encouraged the model to reduce reflection
frequency to avoid penalties (reward hacking), de-
grading ReLook into regular RL and harming per-
formance. Therefore, we removed this mechanism
and adopted the strict acceptance rule described in
Method: only strictly improving steps are accepted
into trajectories.

F Lightweight distillation loss on
feedback tokens

Let M denote the index set of critic feedback
tokens m within a trajectory, and let the frozen
MLLM critic define a teacher distribution ¢;(-) at
each position ¢ € M. The student policy distri-
bution is pg(- | x<¢). The lightweight distillation
loss used to transfer the feedback style for test-time
self-reflection is

ZKL (-

tEM

distill : ) Ipo(- | <)) (6)

equivalently, as a teacher-forced cross-entropy

22 alv)

teM v

distill *= \M| ) logpe(v | z<¢)

(7

Only policy-controlled tokens (¢, ¢) contribute non-
zero advantages in GRPO; feedback tokens m are
masked in the RL objective (advantages set to zero).
The total training objective is

_ t,c m
L= _jGRpo + 7 Laisein

8
with default y=0.1, ~ € [0.05, 0.3). ®
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G Reproducibility notes: GRPO and
implementation details

Reference policy and KL.. We regularize toward
a fixed reference policy ;. s (the frozen instruction-
tuned backbone before RL). KL is computed token-
wise over policy-controlled tokens with weight
(see ranges in Experiment); we do not anneal 3
within a step.

Trajectory composition and masking. Trajecto-
ries mix policy tokens (¢, ¢) and critic tokens (m).
During optimization, advantages on m are masked
to zero; optional lightweight distillation on m uses
a small KL/CE with weight ~y to the frozen MLLM
outputs.

Advantage baseline and clipping. We use a
group-relative baseline (mean return over G tra-
jectories per query); advantages are standardized
within-batch and clipped to [—2, 2].

Sampling limits and rejection handling. For
Forced Optimization, we cap resampling attempts
at 10 per reflection round to avoid infinite loops;
non-improving proposals are rejected without re-
scoring. When the 10-attempt limit is reached with-
out improvement, we terminate further reflection
rounds for that trajectory and use the best-so-far re-
sult. This limit balances exploration (allowing suf-
ficient attempts to find improving revisions) with
computational efficiency.

Length penalty parameters. We set Ly, =
12,000 and Lepq = 14,000 tokens based on em-
pirical analysis of typical front-end code lengths in
our training corpus, ensuring reasonable generation
length while discouraging degenerate repetition.

Valid Render Rate dynamics. During training,
the Valid Render Rate increases from approxi-
mately 40% at initialization to approximately 80%
upon convergence, demonstrating that the model
learns to produce syntactically valid and renderable
code through the combination of the visual-output



20:21:

Algorithm 1 ReLook Training Framework

Require: Task specification ¢, base policy 7y, vi-
sion critic MLLM (Qwen2.5-VL-72B), max
steps S, max reflections R, max resampling
K=10

Ensure: Optimized policy 7, with internalized vi-
sual cognition

1: Initialize: s < 0, history < [q]
2: while s < S do

3:  Initialize: 7 < 0,0 <= 77, Sprev + —1
4:  while r < R and room for improvement do
5: k < 0, accepted <+ False
6: while £ < K and not accepted do
{Forced Optimization: resam-
ple up to K times} Generate:
tr,c, < mg(nexttoken|history)
Extract code ¢, from <answer>
block Attempt rendering
¢, — Capture screenshots
{51, 52,53} Generate feed-
back m, < MLLM(q,c,,{Si})
Compute visual score
sp < VisualScore(q, ¢, {S;})
if s, > spey them {Accept only
strictly improving steps}
18: Append t,, ¢, to history and o
14: Append m,. to history and o within
<mllm_feedback>
15: Sprev <— S, accepted < True
16: end if
17: k+—k+1
18: end while
19: if not accepted then
{No improvement after K attempts}
Break {Terminate further reflections,
use best-so-far}
end if
22: rr+1
23:  end while
24:  Calculate reward components for the trajec-
tory o:
25: RMLLM(O) =
VisualScore(o) if screenshot valid
0 otherwise .
26: Rien(0) as in Method (linear penalty:
Lart=12,000, Leng=14,000).
27: RRerook(0) = Rmrim(0) - Rien(0).
28:  Perform policy update using GRPO to opti-
mize parameters 6 based on RRel ook-
29:  If convergence criterion is met (no signifi-
cant improvement), exit loop.
300 s<+s+1

31: end while
32: return y for deployment {Optionally discard
MLLM during inference. }
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constraint in prompts and the zero-reward penalty
for invalid renders.

Decoding and seeds. Unless otherwise noted, de-
coding uses identical hyperparameters across sys-
tems (temperature=1.0, top-p=0.7) with three ran-
dom seeds; fixtures are cached to avoid network
variance. These notes complement Section 2 and
Section 3 to facilitate faithful reimplementation.

H Qualitative Analysis

Figure 6 presents a qualitative comparison between
the baseline model and Rel.ook across several rep-
resentative front-end generation tasks.

Prompt column lists natural-language instruc-
tions of varying complexity, including layout
composition, template library rendering, lo-
gin/registration forms, and a chessboard.

Base Model column shows the outputs of an
instruction-tuned baseline. While it can produce
code that renders without error, the resulting web-
pages often suffer from issues such as layout drift,
incomplete functionality, and lack of visual coher-
ence (e.g., missing interactivity in the login page,
overly simplistic rendering of the chessboard).

ReLook column demonstrates the effect of our
vision-grounded reinforcement learning frame-
work. By incorporating visual feedback into train-
ing, ReL.ook produces outputs that are not only
executable but also visually faithful and function-
ally aligned with the prompts. For instance, the
template library page is correctly populated with
clickable cards, the login/registration form has a
clean layout and interactive elements, and the chess-
board renders with precise alignment.

Overall, the comparison highlights how ReL.ook
systematically reduces layout drift, strengthens in-
teraction correctness, and achieves higher visual
fidelity compared to the baseline.

I Template prompt for ReLook rollout



Prompt Base Model ReLook
)

Create a simple sunrise scene with a L N
semicircular sun and a straight (
horizon. Render this SVG scene in a {
self-contained HTML file.

BB S EBURER T

. REE—MIIRRAHEN
RASEMIRGERE, AN
REHIR R E B ARAR AR,

S TUE R AT B B4 SELS
AFBIRN B XN RTT
MEAHTML, CSSFlJavaScript{ 3

BAE—PHTMLX 4. /
You are a code expert. Please use

your professional knowledge to
generate accurate, professional
responses. Be sure to ensure that the
code you generate is executable for
demonstration. Write me frontend
code for a pet store login and

registration page.
You are a code expert. Please use

your professional knowledge to
generate accurate and professional
responses. Be sure to ensure that the
code you generate is executable for
demonstration. Create a classical
chess board in HTML format that

can be run directly.

- B ERI

Figure 6: Visual Comparison of Frontend Websites Generated by Baseline and ReLook.

Solve the following problem step by step.

You now have the ability to selectively write executable HTML, CSS, JavaScript, or SVG code to receive feedback from
the multimodal large model on the code.

The code you provided will be executed, and the feedback (wrapped in ’<mllm_feedback> output_str
<mllm_feedback>") can be returned to aid your reasoning and help you arrive at the final answer.

Unless you believe the current answer is flawless, please output <get_feedback> after providing the complete answer
to receive feedback from the multimodal large model and improve the code based on the feedback.

*user question:*

{$query}

Figure 7: Template prompt for ReLook rollout.
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