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Abstract

Multimodal review generation is essential in
academic research. However, existing LLM-
based models often struggle to pinpoint spe-
cific details within papers, yielding general-
ized, unsupported critiques that compromise
final decisions. To address these limitations,
we propose AnchorReviewer, a coarse-to-
fine, evidence-grounded multimodal review
generation framework. Central to our archi-
tecture is an integrated pipeline featuring an
Inline Retrieval-Augmented Generation (In-
RAG) module. Combined with our Unified
Embedding Module, InRAG facilitates the
high-precision extraction of multimodal evi-
dence chunks, ensuring our detailed reviews are
strictly anchored to the original content. Fur-
thermore, we incorporate a Reflection Mech-
anism to refine initial outputs and maximize
decision accuracy. To support model evaluation
and our Progressive Training Strategy, we con-
struct the large-scale AnchorReview dataset,
comprising diverse multimodal review samples.
Experimental results demonstrate that Anchor-
Reviewer significantly improves review reliabil-
ity, excelling in critical evaluation, multimodal
understanding, and decision consistency. Our
code and dataset will be publicly available.

1 Introduction

Leveraging exceptional capabilities in language un-
derstanding and generation, large language models
(LLMs) increasingly drive innovations in academic
peer review, demonstrating widely recognized po-
tential (Naddaf, 2025; Thakkar et al., 2025). By
efficiently processing, summarizing, and reason-
ing over massive corpora, LL.Ms effectively assist
researchers in initial manuscript evaluation and fil-
tering. This capability significantly alleviates indi-
vidual human judgment burdens while maximizing
research efficiency and the reliability of academic
dissemination (Stelmakh et al., 2021; Fox et al.,
2023; Liang et al., 2024).

Current efforts to advance LLM-based review
systems primarily explore two paradigms: agent-
based orchestration (Lu et al., 2025; Jin et al., 2024;
Zhang et al., 2026; Lu et al., 2024)and data-driven
fine-tuning (Zhu et al., 2025b; Weng et al., 2025).
While agent-based frameworks simulate human
workflows, their reliance on commercial APIs risks
manuscript data leakage (Zhu et al., 2025a), incurs
massive token costs (Baumann et al., 2026), and
fatally yields inflated scores alongside generic cri-
tiques (Rao et al., 2025). Consequently, researchers
have turned to data-driven fine-tuning, training ded-
icated reviewer models on domain-specific corpora
to circumvent privacy hazards through local de-
ployment. However, constrained by their text-only
architectures, these fine-tuned reviewers produce
homogenized reviews that fail to articulate targeted
insights into substantive innovations or defects.

We argue that the bottleneck of data-driven fine-
tuning fundamentally stems from a “visual evi-
dence vacuum” driven by a complete absence of
multimodal perception. Because existing systems
cannot precisely anchor critiques to dense visual
layouts—such as complex equations or rigorous
experimental charts—they lack the capacity to exe-
cute substantive verification of the underlying data.
Lacking concrete visual evidence to refute textual
claims, agents passively conform to the authors’
narratives, forging a superficial "compromising
consensus" that directly inflates evaluation scores.
Simultaneously, purely text-based fine-tuned mod-
els remain entirely blind to the core visual evidence
defining academic contributions, completely sever-
ing the logical link between the review text and spe-
cific experimental results. Ultimately, this modality
blind spot prevents current systems from deliver-
ing the rigorous, evidence-grounded micro-scrutiny
characteristic of human experts.

To overcome these issues, we propose Anchor-
Reviewer, a lightweight, end-to-end multimodal
reviewing architecture. Mimicking the human



PDF Chunk Splitting Inline RAG (Fine)
- oo papar s (matad, an s clnloreomeneaming acapaton f Geceravo Fwtevors | - Detailed
— = Text w Figures GFlowNsts ray \hic s often costly and method) summary
"= Paper ._ dd h model . learning an
n=— b produce
»= Chunker - X »  Multimodal iverse, high-reward cancidates even with limited data. Acditionally, the paper proposes a quantli malching| .
Table (@ Equation |_© ultimoda algorthm vorsiy, ensurng e moce exlres opimai paths uncerainy. Clear logic
* Retrieval ly, offering a o
Paper Sirangh Evidence-
1. The pa ritten and easy o folow. The problem and the mathod is wellmotvated
2. The met d I It successfully the use of {methc reinforcement based
Top-K loaming, important problem. review
Chunks
+ B
*, B summary B weakness query [ e DS
[ G and Inoso sk o | Found the
o s B Proiminary Decison -} Generator Fouhatne
Prompt X trength = - Gomputational cost. While the authors mention the computational costof raiing the iffusion model in
Review | Sec. 421, they do no provide a comparison of the computational cost of {method) wih ofher offine AL that human
i meihods (o5, HARS. PO, QU-GFowtil. Wit i campaon, s Gt ol undersard v | oo
- compare AL methods, oxcept (which
are the only ones thl are compared i the experimenis secton) overlooked
. summary B Evidenced “The experiments in Section 4.2:3 are missing comparisons with standard offine AL methods, such as
AWAC and RBRAC
y  Strength —b@ Final Decision Weakness Decision Precise
Weakness Refl ion Mech. 1

Figure 1: Left: We propose AnchorReviewer, a coarse-to-fine, evidence-grounded review pipeline: an MLLM
generates weakness queries, RAG retrieves relevant multimodal evidence, and the model produces detailed reviews.
A reflection step refines final decisions for accuracy and reliability. Right: In real review cases, it generates detailed,
evidence-grounded reviews with strong logical consistency and accurate scores.

“glance-then-scrutinize” cognitive process, we de-
couple the pipeline into Coarse, InRAG, and Re-
flection stages to entirely prevent brute-force docu-
ment appending. Our Coarse stage extracts macro-
level critiques from global contexts while simulta-
neously emitting precise local queries for micro-
level defects. These queries trigger our Inline RAG
(InRAG) module, leveraging a unified embedding
space (UniEmb) to tightly anchor high-fidelity mul-
timodal evidence chunks (e.g., figures, equations).
Ultimately, our Reflection Mechanism synthesizes
these clues within a noise-free context to yield rig-
orous, evidence-grounded detailed reviews.

We underpin our framework’s critical depth by
constructing AnchorReview, the first large-scale
multimodal reviewing corpus explicitly annotated
with paper-region (bounding-box) evidence loca-
tions. Curated from top-tier Al conferences (ICLR,
NeurIPS, and ICML), AnchorReview is hierarchi-
cally organized into three nested subsets that align
with our coarse-to-fine paradigm: a General subset
of 68.4K papers / 300.7K paper-review pairs, an
Evidenced pool of 31.2K papers segmented into
940.3K multimodal chunks (text, figures, tables,
equations), and an Anchored subset of 90K fine-
grained query—evidence—weakness triples in which
every critique is anchored to a specific bounding
box on the original PDF. Leveraging this hierar-
chically annotated data for progressive fine-tuning,
our 6B model is immunized against the positivity
bias, enforcing a strict mapping between stringent
textual critiques and concrete visual evidence.

In summary, our contributions are threefold.

* We propose AnchorReviewer, an evidence-
grounded multimodal review framework that
unifies a Coarse-to-Fine pipeline, InRAG
(Inline Retrieval-Augmented Generation) for

query-triggered fine-grained retrieval over a
UniEmb unified multimodal embedding space,
and a Reflection mechanism for evidence-
consistent decision refinement.

* We construct AnchorReview, the first large-
scale peer-review corpus that jointly provides
multi-modality coverage and paper-region
(BBox) grounding, hierarchically organized
into three nested subsets that directly drive our
progressive training.

* Experimental results demonstrate that the pro-
posed model reliably identifies evidence and
generates accurate decisions, achieving SOTA
performance across benchmarks.

2 Related Works

2.1 LLM-based Review Generation

Automated review generation leverages LLMs
through structured reasoning (Zhu et al., 2025b;
Wu et al., 2025), hierarchical decomposition for
complex arguments (Chang et al., 2025), and multi-
agent orchestration for collaborative verification
(D’ Arcy et al., 2024; Taechoyotin and Acuna, 2025;
Gao et al., 2024). Concurrently, extensive bench-
marks evaluate these evolving capabilities (Li et al.,
2025; Shin et al., 2025; Thakkar et al., 2025). How-
ever, a critical limitation persists: these predom-
inantly text-centric models fundamentally over-
look essential visual evidence. Consequently, this
modality gap produces generic feedback, lacking
the fine-grained, evidence-grounded insights char-
acteristic of expert human reviews.
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Figure 2: Left-top: The Coarse-to-Fine Evidence-Grounded Pipeline improves quality by linking reviews to evidence.
It splits papers into multimodal chunks, generates queries, retrieves evidence via RAG, and drafts detailed reviews.
A reflection mechanism ensures logical consistency.Others: The Parallel Progressive Training Strategy utilizes three
concurrent streams and three progressive stages to efficiently train the Review LLM.

2.2 Multimodal Retrieval-Augmented
Generation

To overcome unimodal limitations, Multimodal
Retrieval-Augmented Generation (RAG) integrates
cross-modal knowledge through unified reasoning
architectures like UniversalRAG (Yeo et al., 2025)
and VisRAG (Yu et al., 2025). To refine visual-
textual alignment, mechanisms such as mR2AG
(Zhang et al., 2024) employ reflective feedback
loops, while MLLM-driven rerankers (Liu et al.,
2025; Chen et al., 2025; Yue et al., 2025) signif-
icantly enhance retrieval relevance. Additionally,
specialized frameworks like BayesRAG (Li et al.,
2026) and Video-RAG (Luo et al., 2024) utilize
probabilistic corroboration and visual alignment to
resolve complex semantic isolation.

Despite these advancements, existing Multi-
modal RAG systems struggle with localized ev-
idence grounding within dense professional docu-
ments. The inability to precisely cite minute visual-
textual details frequently yields generated reviews
that lack the rigorous, incisive evidence chains es-
sential for high-stakes academic evaluation.

3 AnchorReviewer

Overview Figure 2 illustrates the overall frame-
work of AnchorReviewer: the top-left portion de-
picts the Coarse-to-Fine Evidence-Grounded Re-
view Generation Pipeline, and the remaining por-
tion summarises the Parallel Progressive Training
Strategy. The paper PDF is segmented into multi-
modal evidence chunks (text, figures, tables), and
the LLM generates an initial weakness query from

the original paper. Using RAG, the model retrieves
relevant evidence, combining it with the query to
generate a detailed review. Finally, the reflection
mechanism refines the review by integrating the
weaknesses and initial feedback, producing a final,
evidence-supported, and consistent decision.

3.1 Coarse-to-Fine Evidence-Grounded
Review Generation Pipeline

AnchorReviewer employs a Coarse-to-Fine
Evidence-Grounded Review Generation Pipeline,
optimizing review generation by aligning it with
literature evidence to improve accuracy and
verifiability. We first represent the paper as a
multimodal chunk set:

€]

D={ci,co,...,cN}

where each ¢; is an evidence unit produced by the
chunker—a text paragraph, figure, table, or dis-
play equation—so that different modalities carry
distinct information. A pre-trained large lan-
guage model Mguery then reads the entire paper
and emits a set of preliminary weakness queries
Q = {q1,...,9x} = Mguery(D), which localise
potential weak points and serve as anchors for sub-
sequent retrieval.

For every query gy, a Retrieval-Augmented Gen-
eration (RAG) mechanism returns the subset of
evidence chunks most relevant to it, E(qy)
RAG(g, D), so that the generated content cites au-
thentic excerpts from the paper rather than relying
on pre-trained priors. Merging the per-query results
gives the unified evidence set ¥ = Uszl E(qx),



which is then fed, together with (), into the gen-
erator Gyeakness t0 produce a detailed weakness
assessment W = Gyeakness (@, E).

Finally, the decision module Mjecision cON-
sumes the detailed weaknesses and their evi-
dence and emits the final review decision D =
Mecision (W, E), so that the decision can be traced
back to its supporting evidence. By chaining query
generation, evidence retrieval, and fine-grained
writing into a single pipeline, every step of the
review is grounded on structured evidence from the
paper itself.

3.2 Inline Retrieval Augment Generation
(InRAG)

We propose Inline Retrieval-Augmented Genera-
tion (InRAG) to support precise evidence retrieval
and generation inside the Coarse-to-Fine Pipeline.
By embedding all modalities into a single seman-
tic space, InRAG enables consistent cross-modal
retrieval and grounded generation.

Unified Embedding for Multimodal Chunks
The chunks D from Eq. 1 span text, figures, tables,
and other modalities, and important information
frequently resides in figures or tables. Because the
embedding gap across modalities degrades both
retrieval and grounded generation, we introduce
a unified embedding model E,,; that maps every
modality into a shared semantic space,

Zi:Euni(Ci)7 i:1,...,N. (2)

The same encoder is applied to natural-language
queries, so similarities between any query and any
chunk can be measured directly in this space, clos-
ing the cross-modal feature gap and enabling ef-
fective retrieval across text, figures, tables, and
equations.

Multimodal Evidence Retrieval For each weak-
ness query g € (), we compute the similarity
between the query embedding and every chunk em-
bedding in the unified space, keeping the top-k
most relevant chunks:

FEintine (qr) = Topy, (Sim(Euni(Qk), Eui(ci))

3)

}Ci c D),
where sim(+, -) is the similarity metric (e.g. cosine
similarity) in the unified space, and the resulting
Top-k chunks serve as the retrieval context for that

query.

Evidence-Grounded Review Generation We
feed each query together with its retrieved evi-
dence context into the weakness generator to ob-
tain the detailed weakness wy, = Geakness ({qr} U
Einline(%)); aggregating across all queries gives
the INnRAG output Wigjine = {wk}szl. Treating the
retrieved chunks as additional in-context evidence
forces the generated review to rely on both pre-
trained knowledge and document-level evidence,
which sharpens both the precision and the semantic
depth of the identified weaknesses.

Unlike traditional RAG, which decouples re-
trieval from generation, InRAG interleaves the two
on a per-query basis. This yields higher-quality,
traceable detailed weaknesses for the subsequent re-
flection and decision stages, and scales more grace-
fully to long and complex documents.

3.3 Reflection Mechanism for Review
Refinement

To improve review accuracy and consistency, we
propose a Reflection mechanism that re-inputs the
summary and strengths into the LLM after generat-
ing the detailed weakness, refining the final review
decision and comments.

We input the summary, strengths, and generated
weaknesses {w1,ws, ..., wk } into the previously
used LLM Mgecision to generate the final review
decision.

D = Mgecision(W, summary, strength).  (4)

Here, Mgecision 1S the decision-generation model,
which takes as input the previously generated de-
tailed weakness W, along with the model’s output
summary and strengths, and produces the refined
decision D.

3.4 Parallel Progressive Training Strategy

AnchorReviewer is optimized with three concur-
rent streams aligned with the three nested subsets
of AnchorReview, as depicted on the remaining
portion of Figure 2 (outside the top-left pipeline
block).

Stream-I trains the reviewer with a coarse-to-fine
curriculum (warm-up — query generation — multi-
task reflection) on AnchorReview-General and -
Anchored. Stream-II trains UniEmb on (query,
chunk) pairs from AnchorReview-Evidenced with
in-paper hard negatives. Stream-III closes the
retrieve-and-generate loop on AnchorReview-
Anchored. All language objectives use next-token
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Figure 3: Dataset hierarchy and multimodal grounding example. Top: The progressive data construction pipeline
and corresponding subset statistics. Bottom: A fine-grained grounding example illustrating modality distributions
and the precise alignment between review snippets and multimodal document elements.

prediction; the explicit losses, per-stream data
sources, and the progressive schedule on the loss
weights (A1, A2, A\3) are deferred to Appendix C.

4 AnchorReview Dataset

To support our coarse-to-fine multimodal review
pipeline, we construct AnchorReview, a large-scale
peer-review corpus distinguished by two proper-
ties absent from prior resources:(1)multimodal ev-
idence chunking (text, figures, tables, and equa-
tions) and (2)layout-level grounding that anchors
every fine-grained weakness to a bounding box
on the original PDF. The corpus is organized as
three hierarchically nested subsets—General, Evi-
denced, and Anchored—which directly serve the
three training streams of AnchorReviewer. To our
knowledge, AnchorReview is the first peer-review
corpus that jointly provides multimodal evidence
chunking, layout-level grounding, and hierarchical
organization, as summarized in Table 1.

4.1 Construction Pipeline

Figure 3 illustrates the construction pipeline, which
proceeds in three stages and yields three increas-
ingly fine-grained subsets.

Source and Chunking. We crawl all publicly
accessible OpenReview submissions from ICLR,
NeurIPS, and ICML, together with their reviewer
turns. After de-duplicating multi-version revisions,
discarding withdrawn or desk-rejected submissions,
and removing reviews shorter than 50 tokens, we
retain 68.4K papers and 300.7K reviews, form-
ing the GENERAL subset. For papers whose re-
views contain at least one locatable evidence ref-
erence (e.g., explicit section, figure, table, or equa-

tion citations), we further apply PP-DocLayout-
V2 to detect the bounding boxes of sections, fig-
ures, tables, and equations; text regions are ex-
tracted via PaddleOCR, figure/table captions are
matched by pattern-based heuristics, and equations
are preserved as cropped images. This produces
940.3K multimodal chunks from 31.2K papers,
constituting the Evidenced pool. Each chunk is rep-
resented as ¢; = (type;, bbox;, content;, caption; )
and stored alongside a JSON configuration file.

Hierarchical Subsets. The three subsets supply
complementary supervision signals to the parallel
training streams of AnchorReviewer.

* AnchorReview-General (68.4K papers /
300.7K reviews) provides broad paper—review
pairs and supervises the review warm-up sub-
stage of Substage-I, teaching the model the
general syntax and rhetoric of peer review.

* AnchorReview-Evidenced (31.2K papers /
940.3K multimodal chunks) serves as the re-
trieval corpus for the Unified Embedding train-
ing (Stream-II) and as the in-context evidence
pool at inference time.

* AnchorReview-Anchored (90K query—
evidence—weakness triples), in which each
triple (¢, e, w) pairs a weakness query g, its
grounding evidence e (one or more bounding-
box chunks), and the corresponding detailed
weakness w, is the most fine-grained subset.
It directly drives the review-completion train-
ing (Stream-I1I) and additionally supervises
the query-generation and multi-task reflection
sub-stages of Substage-II and Substage-III.



Dataset #Papers #Reviews Modalities Review Sent. Labels Paper Anchoring
PeerRead(Kang et al., 2018) 14.7K 10.7K Text X X
ASAP-Review(Yuan et al., 2022) 28.0K 28.0K Text v X
DISAPERE(Kennard et al., 2022) 3.8K 5.0K Text v X
NLPEER(Dycke et al., 2023) 5.0K 11.0K Text X partial
ReviewMT(Tan et al., 2024) 26.8K 92.0K Text X X
AgentReview(Jin et al., 2024) 0.5K 10.5K Text X X
DeepReview-13K(Zhu et al., 2025b) 13.4K 13.4K Text X X
ReQ(Zhang et al., 2025) 19.9K 70.6K Text X X
AnchorReview (Ours) 68.4K 300.7K Text+ Fig + Tab + Eq v v (BBox)

Table 1: Comparative summary of peer-review datasets. AnchorReview is the only corpus that jointly provides
multi-modality coverage and paper-region (bounding-box) anchoring.

Evidence Annotation. To build the ANCHORED
subset, we decompose each detailed review into
atomic sub-bullets and prompt GPT-5.1 with a fixed
template (Appendix H) to extract, for every sub-
bullet, a structured (query, location reference) pair.
Location references such as “Table 3”, “Section
4.2”, or “Figure 2 ” are then matched to chunks
through regular expressions over chunk captions,
numbers, and section headers; multi-chunk ref-
erences are concatenated and treated as a single
composite evidence. Sub-bullets whose location is
generic (e.g., “the experiments”) or whose match
score falls below a confidence threshold are dis-
carded, ensuring that every retained triple is an-
chored to a specific spatial region of the source
PDE

4.2 Quality Control

We apply a three-level quality-control pipeline
to suppress noise: (i) automatic filtering of low-
quality and suspected machine-generated reviews;
(ii) cross-model validation, in which an indepen-
dent judge (Claude Opus 4) re-annotates a 5% ran-
dom sample of Anchored triples, yielding 98.6%
cross-model agreement; and (iii) human verifica-
tion, in which three NLP graduate students double-
annotate 300 randomly sampled triples on query
validity, evidence relevance, and spatial accuracy,
yielding 92.4% overall validity with Cohen’s k =
0.81. These results indicate that the GPT-5.1-
assisted anchoring is reliable at scale. Full proce-
dures, scope, and per-stage statistics are provided
in Appendix A.1; the human-evaluation guideline
is in Appendix .

4.3 Statistics and Analysis

We highlight two key observations from our corpus.
First, the EVIDENCED pool averages 30.1 chunks
per paper (52.6% Text, 21.2% Equation, 14.4%

Figure, 11.8% Table). This near-even split between
text and non-text evidence underscores the abso-
lute necessity of multimodal grounding. Second,
each ANCHORED weakness grounds on an aver-
age of 1.6 chunks across 1.3 modalities, proving
that high-quality critiques routinely cross visual-
textual boundaries entirely missed by prior text-
only datasets. Appendix A details comprehensive
dataset statistics.

S Experiments

5.1 Experiment Setup

Implementation details. We use Qwen3-VL-
2B(Bai et al., 2025) as the MLLM and generator,
and Qwen3-VL-Embedding as the Unified Embed-
ding model.Training follows our three-stream strat-
egy for one epoch per stream with Adam.The learn-
ing rates for Stream-I are le-4/5e-5/5e-5 across
its three substages; Stream-II/1II use 1e-4 with co-
sine decayThe batch size is 16, all modules are
fully fine-tuned, and each PDF page is rendered at
1081 x 1400. We use the ICLR portion of Anchor-
Review as the training set.

Evaluation Protocol. For in-domain evalua-
tion, we use a paper-level held-out split of 300
ICLR’24/°25 paper—review pairs that do not ap-
pear in training. For out-of-distribution evaluation
(§5.4), we additionally evaluate on NeurIPS and
ICML papers, which appear in no fine-tuned re-
viewer’s training data. Ground-truth ratings and de-
cisions are taken from the publicly released Open-
Review meta-reviews, ensuring evaluation labels
are independent of any model-generated annotation
in AnchorReview.

Baselines and Metrics. We compare two cate-
gories of baselines: (1) agent-style prompt base-
lines, including Al Scientist and AgentReview with



Decision Metrics

Rating Metrics

Method Model
Accuracy T F1 1 MAE | MSE | Match 1 +1 Acc 1
Claude-Sonnet-4 0.6328 04786 17124 42861  0.1312 0.5164
AgentReview(Jin et al., 2024
gentReview(Jin et a ) Gemini-2.5-Flash 0.6695 05021 15847 37649  0.1679 0.5458
DeepSeek-V3.2 0.7053 05556  1.6632 39789  0.0895 05316
AI Scientist(Lu et al., 2024) GPT-4o-mini 0.6513 04603 16051 39128  0.1436 0.5385
GPT-5.2 0.6131 03984 19795 55385  0.0821 0.4205
CycleReviewer(Weng et al.,, 2025) 8B 0.6103 03968 17958 55445  0.2880 0.4241
DeepReviewer(Zhu et al., 2025b) 14B 0.5897 03651 14536 41031 03660 0.5309
AnchorReviewer (ours) 6B 0.7744 0.6508 11641  2.6308  0.4051 0.5744

Table 2: Main comparison of quantitative review metrics.

‘Weaknesses Score (0-5)

Review Score (0-5)

Method Model
Overall Consis. Accuracy Complete. Diversity Overall Consis. Accuracy Complete. Non-Contra. Dec-Cons.
AcentReview Claude-Sonnet-4 ~ 2.69  2.18 3.13 245 2.96 342 320 3.72 3.05 4.55 2.39
¢ Gemini-2.5-Flash  2.50  2.00 2.90 2.30 2.74 330  3.10 3.63 2.92 4.51 2.45
DeepSeek-V3.2 2.72 2.20 3.14 2.58 297 3.43 322 3.74 3.10 4.57 2.58
AI Scientist GPT-40-mini 267 231 3.14 227 2.98 339 327 3.84 2.98 4.60 2.27
GPT-5.2 2.66 2.16 3.10 2.42 2.96 3.40 3.18 3.71 3.02 4.54 2.41
CycleReviewer 8B 210 175 2.54 1.93 2.16 3.15 286 343 2.59 4.52 2.37
DeepReviewer  14B 243 178 2.71 2.57 2.67 338 313 3.68 3.23 4.55 2.31
AnchorReviewer 6B 280 245 3.18 2.92 3.14 349 329 3.87 3.33 4.63 2.74
Table 3: Main comparison of the review using GPT scoring.
Decision Score

DeepSeek-V3.2, GPT-40-mini, GPT-5.2, Claude-
Sonnet-4, and Gemini-2.5-Flash; (2) fine-tuned re-
viewer models, including CycleReviewer-8B and
DeepReviewer-14B. We report decision metrics
(Accuracy, F1), rating metrics (MAE, MSE, exact-
match accuracy, and 41 accuracy), and GPT-judge
review-quality metrics. Detailed metric definitions
are provided in Appendix B.

5.2 Main Results

Decision and rating performance. As shown in
Table 2, AnchorReviewer with only 6B parameters
achieves the best score on every decision and rating
metric, surpassing the strongest agent baseline by
6.91 Accuracy points and the larger DeepReviewer-
14B by 18.47 Accuracy points. The simultaneous
gains on Accuracy/F1 and MAE/MSE indicate that
the coarse-to-fine multimodal pipeline improves
decision reliability and score calibration jointly,
rather than trading one for the other.

Review-quality evaluation. Table 3 shows that
AnchorReviewer obtains the highest GPT-judge
score on all 11 weakness and review dimensions.
The largest gains are on weakness Complete-
ness/Diversity and review Decision-Consistency,
reflecting that grounding reviews to retrieved evi-
dence yields more specific, calibrated, and action-
able feedback.

Variant

Acc.t F11 MAE| MSE | Matcht +1 Acc.

Qwen3-VL-2B (zero-shot) ~ 0.4821 0.3245 2.1842 6.0157 0.0612  0.4137
+ Substage-I (warm-up) 0.6821 0.5079 1.3158 3.3474 0.3789  0.5526
+ Substage-II (query gen.) 0.7283 0.5794 1.2399 29891 0.3920  0.5635
+ InRAG & general reflection 0.7388 0.5512 1.2051 2.7512 0.3845  0.5624
Full (+ evidenced reflection) 0.7744 0.6508 1.1641 2.6308 0.4051 0.5744

Table 4: Ablation across the AnchorReviewer training
trajectory. Each row adds one stage on top of the pre-
vious, and the last row replaces general-data reflection
with reflection trained on AnchorReview-Anchored.

External benchmark. To verify that the gains
are not specific to our test split, we further evaluate
on the external DeepReview benchmark. Anchor-
Reviewer continues to achieve the best Decision
Accuracy/F1 and the highest Spearman / pairwise
rating accuracy across both years, confirming the
consistency of the observed advantages. The full
table and analysis are provided in Appendix E.

5.3 Ablation and Analysis

Effect of training stages and reflection data.
Table 4 ablates AnchorReviewer along its train-
ing trajectory. Substage-I (review warm-up on
AnchorReview-General) lifts Decision Accuracy
from 0.4821 (zero-shot Qwen3-VL-2B) to 0.6821,
providing the basic review-format supervision the
pretrained Qwen3-VL-2B itself lacks. Substage-I1
(query generation) further improves Accuracy and



F1 to 0.7283 / 0.5794, showing that learning to
emit weakness queries is itself useful even before
any retrieval.

Combining InRAG with reflection trained on
general (non-anchored) data brings only minor
Accuracy gains over Substage-II and drops F1
to 0.5512, showing unanchored reflection is un-
reliable on the rejection-class boundary. Train-
ing reflection on AnchorReview-Anchored data re-
stores and outperforms Substage-II in F1 (0.7744 /
0.6508). This gap directly validates the value of the
Anchored subset and evidence-grounded reflection
design.

Multimodal evidence in InNRAG matters. Ta-
ble 6 ablates the modality of evidence fed into In-
RAG, with GPT-judge weakness/review scores. Re-
moving InRAG entirely degrades every dimension,
dropping Weakness Completeness from 2.92 to
2.13 and review-level Decision-Consistency from
2.74 to 2.55. Restricting InRAG to text-only
chunks (“w/o Fig. in InRAG”) recovers most of
the gap on Weakness Overall and Review Over-
all, but Weakness Completeness still lags the full
multimodal InRAG by 0.47, confirming that figure
and table evidence is essential for thorough weak-
ness analysis—precisely where a reviewer needs to
point at a specific figure or table.

Why does UniEmb enable reliable multimodal
retrieval? Table 5 compares CLIP, an off-the-
shelf Qwen3-VL-Embedding (no fine-tuning), and
our fine-tuned UniEmb on cross-modal evidence
retrieval. CLIP collapses to R@1 = 1.2% and
the original Qwen3-VL-Emb only reaches 15.0%,
exposing a sizeable gap between paragraph-level
pretraining and the fine-grained text—figure—table
alignment required by our task. UniEmb doubles
R@1 to 30.0% and improves MRR by 49% rela-
tive to the original encoder. Modality-decomposed
retrieval results in Appendix (Tables 12,13,14,15)
further show that the gap concentrates on figure
chunks, where the off-the-shelf encoder collapses
to 5% R@1 while UniEmb reaches 50%. This
is consistent with a cross-modal alignment view:
paragraph-level pretraining leaves a sizeable gap
between text-form weakness queries and visual fig-
ure evidence, and UniEmb’s contrastive training
on aligned (query, multimodal-chunk) pairs closes
this gap precisely where it is most severe.

5.4 Generalization Evaluation

To verify AnchorReviewer’s gains stem from
method design rather than venue exposure, we

Method R@l R@3 R@5 R@I10 MRR
CLIP 1.2 3.8 7.5 21.2 0.0949
Qwen3-VL-Emb  15.0 362  53.8 63.7 0.3045
UniEmb (Ours) 30.0 47.5 66.3 83.8 0.4539

Table 5: Performance comparisons of retrieval models.

Weaknesses Review

Variant

Overall Consi. Acc. Comple. Overall Consi. Acc. D. Consi.

w/o InRAG 232 183 285 213 338 3.1 3.68 255
w/o Fig. in InDRAG  2.70 221 3.03 245 341 3.5 3.69 264
Full InRAG 280 245 318 292 349 329 387 274

Table 6: Ablations of components in InRAG.

test it on held-out ICML’25 and NeurIPS’25 pa-
pers. None of these venues appear in the training
data of CycleReviewer, DeepReviewer or Anchor-
Reviewer. Across both venues, AnchorReviewer
leads all competitors on every metric, outperform-
ing the top fine-tuned baseline by roughly 18 D.Acc
points and the best proprietary agent by 3—4 D.Acc
points. Its ranking against baselines remains con-
sistent across the two held-out sets, showing the
coarse-to-fine, evidence-grounded design general-
izes across review distributions even with train-
ing limited to ICLR. We note NeurIPS, ICML and
ICLR share similar review conventions. True out-
of-community evaluation (e.g., MLSys, OSDI) is
hindered by unavailable public review data and left
for future work. Full per-venue results are pre-
sented in Appendix D.

6 Conclusion

In this work, we present the AnchorReviewer
framework, enhancing the localization, credibility,
and logical coherence of automated review gen-
eration. The Coarse-to-Fine Evidence-Grounded
Review Generation Pipeline uses the RAG mecha-
nism to extract evidence from multimodal chunks
for detailed reviews. To tackle cross-modal re-
trieval, we introduce the Unified Embedding Model.
The InRAG module enables query-triggered evi-
dence retrieval and generation interaction, while
the Reflection mechanism improves logical con-
sistency. We also construct the annotated Anchor-
Review dataset for model training and evaluation.
Through the Parallel Progressive Training Strategy,
our model shows significant improvements in gen-
eration quality, evidence grounding, and logical
coherence, outperforming traditional methods. We
hope this work can inspire further advancements
in the field of MLLM-based review generation and
evidence-grounded review generation.



Limitations

The model’s performance is largely contingent
upon the quality of the input data, meaning that
inaccuracies or biases in the training data could
adversely affect the model’s outputs. While our ap-
proach enhances the consistency and detail of the
generated reviews, it may still encounter difficulties
when addressing highly subjective or intricate aca-
demic writing that necessitates specialized domain
knowledge. Furthermore, AnchorReviewer may
face challenges when processing non-standard or
poorly structured documents, as it excels primarily
with well-structured academic papers. Moreover,
the model’s dependence on multimodal evidence
makes PDF OCR capabilities a significant limiting
factor. Current OCR technologies often struggle to
process low-quality or complexly formatted PDFs,
thereby reducing text extraction accuracy. Incor-
porating more accurate text input would markedly
enhance the model’s performance. Consequently,
advancing PDF OCR capabilities is vital for the
continued refinement of the model.

Additionally, the current iteration lacks a Deep-
Research ability, limiting its ability to conduct deep
web searches to verify whether the paper’s ideas
overlap with existing literature, which could raise
concerns regarding originality. Furthermore, while
the model’s generation performance has markedly
improved, integrating reinforcement learning could
further refine its generative capabilities, enhancing
its effectiveness in handling more complex review
tasks.

Since peer review materials are publicly avail-
able solely for conference papers in artificial intel-
ligence, our model can only conduct reviews on Al
papers.
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A Dataset Construction Details

ANCHORREVIEW is collected from all publicly ac-
cessible OpenReview submissions of ICLR (2018—
2026), NeurIPS (2021-2025), and ICML 2025.
All submission metadata and review contents are
downloaded through the official OpenReview API.
ICML appears only in 2025 because its review his-
tory on OpenReview only became publicly avail-
able that year; we still include it to broaden the
venue coverage. The construction pipeline pro-
duces three hierarchically nested subsets, whose
statistics we report from two complementary an-
gles below: per-venue composition (Table 7) and
per-subset details (Table 8).

Filtering pipeline. After (i) removing withdrawn
or desk-rejected submissions, (ii) de-duplicating
multi-version revisions and keeping only the initial
submission, and (iii) discarding reviews shorter
than 50 tokens, we retain 68,356 papers and
300,737 reviews (the GENERAL subset). Among
these, 31.2K papers contain at least one locatable
evidence reference (e.g., explicit “Table 3 or “Sec-
tion 4.2” citation), from which layout parsing ex-
tracts 940.3K multimodal chunks (the EVIDENCED
pool). Finally, atomic weakness decomposition on
28.7K of these papers produces 90K (query, evi-
dence, weakness) triples (the ANCHORED subset).

Per-venue composition. Table 7 reports the
venue-wise paper distribution. ICLR contributes
the majority of the corpus (67.6%) thanks to
its longest OpenReview coverage (2018-2026);
NeurIPS contributes a substantial share (27.4%)
covering 2021-2025; ICML adds a smaller por-
tion (5.0%) that complements the other two venues
with a different reviewing community despite its
single-year window.

Per-subset details. Table 8 reports the dataset-
level statistics of the three nested subsets. Items are
denominated differently across subsets (reviews,
chunks, triples) to reflect the supervision granular-
ity each subset provides. Using the modality com-
position in §4, the 940.3K chunks in EVIDENCED
correspond to approximately 494.6K text chunks,
199.3K equation chunks, 135.4K figure chunks,
and 111.0K table chunks.

To improve the reliability of ANCHORREVIEW,
we apply a three-level quality-control pipeline that
combines automatic filtering, cross-model valida-
tion, and human verification. Automatic filtering
operates at the corpus level and therefore benefits
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all three subsets (GENERAL, EVIDENCED, and AN-
CHORED), whereas cross-model validation and hu-
man verification are targeted at the fine-grained AN-
CHORED subset, which is the most error-sensitive
component used for grounded weakness genera-
tion.

(i) Automatic filtering. This stage is applied at
the review level and is therefore shared by all three
subsets. We remove obviously noisy review in-
stances, including cases with severe inconsistency
between the reviewer rating and the final meta-
review decision, and suspected machine-generated
reviews detected by a perplexity-based detector
together with stylometric indicators (e.g., abnor-
mal repetition patterns and degenerate length-to-
vocabulary ratios). Reviews shorter than 50 tokens
are also excluded, as already noted in the filtering
pipeline above. The filtered reviews then enter the
downstream chunking and anchoring stages.

(ii) Cross-model validation. For a 5% random
sample of the ANCHORED pool, we re-extract
(weakness, location) pairs using an independent
judge model (Claude Opus 4) under the same input
protocol. We compute agreement on both weakness
and location fields; samples with location-level Jac-
card agreement below 0.6 are flagged for manual
inspection. The resulting cross-model agreement
is 98.6%.

(iii) Human verification. We further sample 300
triples for expert auditing. Three NLP graduate
annotators assess each triple on three binary di-
mensions: query validity, evidence relevance, and
spatial accuracy. Each sample is double-annotated,
and disagreements are adjudicated by the third an-
notator. We follow the annotation guideline in
§I. The overall validity is 92.4%, with Cohen’s
x = 0.81, indicating substantial inter-annotator
agreement.

Per-stage summary. Table 9 consolidates the
scope, sample size, pass rate, and threshold of
each quality-control stage. Sample sizes follow
directly from the construction pipeline: stage (ii)
re-annotates a 5% random sample of the 90K AN-
CHORED triples (i.e., ~4.5K triples), and stage (iii)
audits a fixed pool of 300 triples drawn from the
same subset.



Venue Period #Papers  Share
ICLR 2018-2026 46,171  67.6%
NeurIPS  2021-2025 18,763 27.4%
ICML 2025 3,422 5.0%
Total 68,356 100%

Table 7: Per-venue composition of the ANCHORRE-
VIEW corpus (GENERAL subset).

Subset #Papers #Items
GENERAL 68,356 300,737 reviews
EVIDENCED 31.2K  940.3K chunks
ANCHORED 28.7K 90K triples

Table 8: Per-subset statistics of ANCHORREVIEW.

A.1 Quality Control Details
B Evaluation Metrics Details

We used comprehensive metrics to evaluate the
performance of our model.

To comprehensively evaluate the model’s review
generation capabilities, we designed several met-
rics covering decision accuracy, scoring precision,
and subjective assessment.

For decision metrics, Accuracy measures overall
correctness. The F1 score combines precision and
recall.

For scoring metrics, Mean Absolute Error
(MAE) calculates the average difference between
predicted and true scores, Mean Squared Error
(MSE) measures squared differences, and +1 ac-
curacy measures the accuracy within a final score
difference of 1 point.

For subjective evaluation, Consistency with
Ground Truth (consis) checks review consistency,
Overall Accuracy (acc) assesses review logic, Com-
pleteness and Detail (detail) evaluates thorough-
ness, and Contradictions checks for internal con-
flicts. Decision Consistency evaluates the align-
ment of final decisions. Additional metrics in-
clude Weakness Consistency, Weakness Accuracy,
Weakness Detail, and Weakness Diversity, assess-
ing the accuracy and multidimensional recognition
of weakness evaluations.

C Training Details

This section gives the explicit training objectives
referenced in §3; model sizes, optimiser, learning
rates, and batch size are reported in §5. The overall
stream/substage layout is depicted on the non-top-
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left portion of Figure 2 in the main text (the top-left
portion shows the inference pipeline).

Data sources. The three streams are supervised
on the three nested subsets of AnchorReview.
Stream-I Substage-1 (review warm-up) uses
AnchorReview-General (paper—review pairs);
Substage-1I (query generation) and Substage-11I
(multi-task  reflection) wuse AnchorReview-
Anchored (query—evidence—weakness triples).
Stream-II contrastively trains the unified encoder
Fui on (query, chunk) pairs sampled from
AnchorReview-Evidenced, with hard negatives re-
stricted to chunks from the same paper. Stream-III
performs evidence-grounded review completion on
ANCHORREVIEW-ANCHORED, using the current
E\y to retrieve in-context evidence for each query.

Shared NTP objective. Stream-I and Stream-III
supervise language generation with next-token pre-
diction (NTP):

|y|

Late(y | #) = =D log P(y; | y<i, @),
t=1

®

where z is the conditioning input and y the target
token sequence.

Stream-I: Review Capability Training. The
three sub-stages of Stream-I instantiate Eq. 5 with
different conditioning inputs and targets.

Substage-1 (Review warm-up).

T
Lreview—warmup = - Z log P(t ‘ t1,%2,... ,tt,l),

t=1
(6)
where T is the total token count, ¢ is the target
token, and t1, to, . .., t;—; are the input context to-
kens. The model learns to generate a complete re-
view (summary, strength, weakness, and decision)
from the input PDF.

Substage-II (Query generation).

T
Equery-gen - _Zlogp(t ’ q1,492,- - - 7qt—1>7

t=1

(N

where ¢ denotes the generated query tokens, and

the objective maximises the likelihood of the query
sequence.



Stage Scope Sample Size Pass/Agree. Threshold / Metric

(i) Automatic filtering Raw — GENERAL 326,935 reviews 300,737 reviews len > 50 tok; PPL + stylometric
(i1) Cross-model validation 5% of ANCHORED 4,500 triples 98.6% Jaccard < 0.6 = human review
(iii) Human verification Sample from ANCHORED 300 triples 92.4% double-annotation; £ = 0.81

Table 9: Per-stage statistics of the ANCHORREVIEW quality-control pipeline.

Substage-1II (Multi-task reflection).

T
Lreflection = — Z log P(t | summary, strength,
t=1
W ,previous review).
(®)
The model consumes summary, strength, weakness
W, and the previous review to produce a final deci-
sion that is internally consistent with the evidence-
grounded weaknesses. The three sub-losses are
summed as Lieview = ﬁreview—warmup + ['query—gen +
Lreflection and interleaved within the same epoch.

Stream-II: UniEmb Training. The unified en-
coder Fyy; is trained with a contrastive InfoNCE
objective:

exp(sim(q, Cuue)/T)
i exp(sim(q, cx)/7)°

where cgqe 1S the gold evidence chunk for query
g, {cx } includes hard negatives mined within the
same paper, and 7 is a temperature. Restricting
negatives to the same paper forces E,; to capture
paper-internal layout cues (numbering, captions,
neighbouring text) rather than topic-level cues; we
found this to be essential for layout-grounded re-
trieval and verify it empirically in §5.

Erag—r = - IOg (9)

Stream-III: Review Completion Training. The
weakness generator is supervised with

T

Lragg = — Zlog P(t | Eintine, q),
=1

(10)

where Finine denotes the retrieved relevant ev-
idence and ¢ is the corresponding query. For
each anchored triple (¢, e, w) from AnchorReview-
Anchored, Ejpjine(q) is computed under the current
FEuni. Since Fyy; is itself being updated by Stream-
II, we periodically (every few thousand optimisa-
tion steps) refresh the cached top-k chunks for each
query under the latest encoder, which prevents the
generator from over-fitting to a stale retriever.
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Progressive curriculum. The total objective
L = M Lreview + A\2Lragr + A3Lrag-g 1s optimised
under a progressive schedule on the weights \;.
Concretely, training starts with A\; as the dominant
weight so that the model first acquires the overall
review form and the basic ability to emit queries.
Once queries become non-trivial, Ao is phased in
so that the retriever is trained on meaningful rather
than random queries. Finally A3 is up-weighted to
close the retrieve-and-generate loop. In our pre-
liminary experiments, training all three streams
from scratch with uniform weights led to noticeable
degradation on both retrieval recall and decision
accuracy.

D Out-of-Distribution Generalization

Table 10 reports rating-error (R. MSE, R. MAE),
decision (D. Acc, D. F1), and ranking (R. Spear-
man, Pair. R. Acc) metrics on ICML’25 and
NeurIPS’25 papers that are held out from train-
ing. Crucially, neither venue appears in the training
corpora of any fine-tuned reviewer compared here:
CycleReviewer is trained on ICLR’24 OpenReview
reviews, DeepReviewer on ICLR’24 and ICLR’25
reviews, and our AnchorReviewer is trained only
on the ICLR portion of AnchorReview. Prompt-
based agent baselines (AgentReview, Al Scientist)
do not undergo any review-specific fine-tuning.

AnchorReviewer-6B remains the best on every
metric on both held-out venues, surpassing all
prompt-based and fine-tuned baselines on rating-
error, decision, and ranking simultaneously. The
relative ordering of AnchorReviewer against all
baselines is consistent with the in-domain com-
parison in Table 2, suggesting that the observed
gains are method-driven rather than driven by
venue-specific exposure. We further observe
that fine-tuned baselines (CycleReviewer-8B and
DeepReviewer-14B) suffer the largest accuracy
drops relative to in-domain, while proprietary agent
baselines (which are not fine-tuned on any review
corpus) degrade less; AnchorReviewer remains ro-
bust on both axes despite training only on ICLR.



ICML’25

Method Model

NeurIPS’25

R.MSE | R.MAE | D.Acc? D.Fl1 R.Spearman T Pair. R. AccT R.MSE | R.MAE | D.Acc? D.FI1 R.Spearman 1 Pair. R. Acc

AcentReview Claude-Sonnet-4  3.6248 1.5421  0.6184 0.4621 0.1546 0.5421 3.5142 1.5187  0.6087 0.4548 0.1487 0.5358
gentievie Gemini-2.5-Flash ~ 3.4127 1.4856  0.6378 0.4823 0.1872 0.5612 3.3284 14632 0.6258 0.4734 0.1812 0.5547
DeepSeek-V3.2 3.2851 14623  0.6527 0.5118 0.2487 0.5683 3.1894 14378 0.6428 0.5023 0.2403 0.5618

Al Scientist GPT-40-mini 3.5783 1.5278  0.6198 0.4612 0.1834 0.5524 3.4912 1.5021  0.6087 0.4524 0.1764 0.5462
GPT-5.2 4.1247 1.6743  0.6353 0.4818 0.1567 0.5384 4.0234 1.6492  0.6258 0.4736 0.1502 0.5321

CycleReviewer 8B 5.6948 1.8237  0.5187 0.3201 0.1438 0.4592 5.5871 1.8056  0.5092 0.3162 0.1387 0.4534
DeepReviewer  14B 4.6248 1.6987  0.5092 0.2998 0.2348 0.5037 45132 1.6754  0.4982 0.2941 0.2287 0.4983

AnchorReviewer 6B 2.9847 1.3526  0.6892 0.5712 0.3742

0.5894 2.8923 1.3274  0.6743 0.5587 0.3624 0.5821

Table 10: Out-of-distribution evaluation on ICML’25 and NeurIPS’25. Both venues are held out from the training
data of all fine-tuned reviewers (CycleReviewer, DeepReviewer, and our AnchorReviewer).

E External Benchmark Evaluation

To verify that the trends observed on our in-domain
test split generalise across data sources, we fur-
ther evaluate on the external DeepReview (Zhu
et al., 2025b) benchmark, which provides held-out
paper—review pairs from ICLR’24 and ICLR’25.
Table 11 reports decision metrics (D. Acc, D. F1),
rating-error metrics (R. MSE, R. MAE), and rank-
ing metrics (R. Spearman, Pair. R. Acc) on both
years.

AnchorReviewer-6B achieves the best Decision
Accuracy/F1 and the best ranking-related metrics
(Spearman and pairwise rating accuracy) on both
ICLR’24 and ICLR’25, surpassing all prompt-
based agent baselines (AgentReview, Al Scientist)
and fine-tuned reviewers (CycleReviewer-8B/70B).
The relative ordering of methods remains consis-
tent with the in-domain results in Table 2, indi-
cating that the gains of AnchorReviewer are not
specific to our test split. On rating-error met-
rics, DeepReviewer-14B obtains the lowest R.
MSE/MAE on this benchmark; we attribute this
to the fact that DeepReviewer is also fine-tuned on
ICLR review distributions and tends to produce rat-
ings concentrated around the dataset mean, which
lowers MSE/MAE but at the cost of decision and
ranking quality, as reflected by its substantially
lower D. Acc/F1 and Spearman.

F Ablation Studies on Multimodal RAG

We compared the retrieval results across different
modalities, as shown in Tables 12, 14, 13, 15. Af-
ter training with our unified embedding approach,
our model demonstrates exceptional performance
in multimodal retrieval tasks. The results show that
the model outperforms previous methods across
multiple retrieval benchmarks, exhibiting substan-
tial improvements in retrieval accuracy, especially
in Section, Figure, and Table retrieval. This high-
lights the effectiveness of our unified embedding
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strategy in bridging different modalities and achiev-
ing superior retrieval results.

G More Qualitative Results

We provide additional cases that further demon-
strate the model’s exceptional performance. The
reviews generated for these cases are accurate,
with precise identification of weaknesses and well-
supported evidence. The model consistently deliv-
ers detailed, logically coherent feedback, showcas-
ing its ability to generate high-quality and reliable
review decisions. These additional examples un-
derline the robustness of the model in diverse sce-
narios, reaffirming its effectiveness in generating
reviews that are both accurate and actionable.

H Annotation Prompt Template for
GPT-5.1

We list below the prompt template used to de-
compose a detailed review bullet into a structured
(query, location reference) pair. Curly braces de-
note slots filled at runtime.

You are a meta-reviewer assistant.
Given a single weakness bullet from a
peer review, extract:

(1) query: a self-contained question
that captures what the reviewer wants
the authors to address;

(2) location: the specific element(s)

of the paper that the reviewer is
referring to. Use the canonical
form <Type>:<Number>[:Sub], e.g.
Table:3, Figure:2:bottom, Section:4.2,
Equation:5. Use None if no concrete
location is mentioned.

Return strict JSON: {"query": .
"location”: [...]1}.

Bullet: {{bullet}}

Paper outline (sections, figures,

tables): {{outline}}
I Human Evaluation Guideline

We sample 300 triples from ANCHORREVIEW-
ANCHORED and ask three NLP graduate students



ICLR 24 ICLR’25

Method Model
R.MSE | R.MAE | D.Acct D.FI 1 R. Spearman 1 Pair. R. Acc T R.MSE | R.MAE | D. Acct D.F1 1 R. Spearman 1 Pair. R. Acc 1

Claude-3.5  2.8878 12715 04333 03937  0.1564 05526 28406 12989 02826 02541  -0.0219 0.5432
AgentReview  Gemini-2.0  3.1943 13418 044 04318  -0.0252 05044 26186 1217 04242 04242 0.0968 0.5496
DeepSeek-V3 19479 1.0735 04105 03403  0.3542 0.6096 19951 11017 0314 02506  0.1197 0.5702
GPTool 43414 17294 045 04424 02621 0.5881 43072 17917 04167 04157 02991 0.6318
Claude-3.5 34447 15037 04787 04513  0.0366 05305 30992 135 05579 0444 -0.0219 05169
Al Scientist ~ Gemini-2.0  4.9297 18711 05743 05197  0.0745 0.5343 39232 1.647 06139 04808  0.2565 0.604
DeepSeek-V3  4.7337 17888  0.56 05484  0.231 05844 48006  1.8403 04059 03988  0.0778 05473
Deepseek-R1  4.1648 16526  0.5248 04988  0.3256 06206 47719 18099 04259 04161 03237 0.6289
CveleReviewer B 28911 12371 0.6353 05528  0.2801 0.5993 24461 12063  0.678 05586  0.2786 0.596
YOIEREVIEWer 708 2487 12514 06304 05696  0.3356 0.616 24294 12128 06782 05737 02674 0.5928
DeepReviewer  14B 13137 09102  0.6406 0.6307 03559 0.6242 13410 09243  0.6878 0.6227 04047 0.6402
AnchorReviewer 6B 23145 10852 07635 07258  0.5284 0.6612 22702 10710 07774 07406  0.5408 0.6723

Table 11: External-benchmark comparison of review quality on the DeepReview ICLR’24 / ICLR’25 test sets. For
Gemini-2.0, we use Gemini-2.0-Flash-Thinking.

Table 12: Section Retrieval Results.

Model R@1 R@3 R@5 R@10 MRR
CLIP 5.0% 15.0% 30.0% 75.0% 0.1999
Original Qwen3-VL-Emb 20.0% 45.0% 70.0% 85.0% 0.4143
UniEmb (ours) 35.0% 50.0% 85.0% 100.0% 0.5255

Table 13: Figure Retrieval Results.

Model R@1 R@3 R@5 R@10 MRR
CLIP 0.0% 0.0% 0.0% 0.0% 0.0539
Original Qwen3-VL-Emb 5.0% 25.0% 35.0% 50.0% 0.1952
UniEmb (ours) 50.0% 65.0% 75.0% 90.0% 0.6215

Table 14: Table Retrieval Results.

Model R@1 R@3 R@5 R@10 MRR
CLIP 0.0% 0.0% 0.0% 5.0% 0.0649
Original Qwen3-VL-Emb 20.0% 35.0% 60.0% 70.0% 0.3453
UniEmb (ours) 20.0% 45.0% 65.0% 85.0% 0.3890

Table 15: Equation Retrieval Results.

Model R@1 R@3 R@5 R@10 MRR
CLIP 0.0% 0.0% 0.0% 5.0% 0.0609
Original Qwen3-VL-Emb 15.0% 30.0% 40.0% 50.0% 0.2633
UniEmb (ours) 15.0% 30.0% 40.0% 60.0% 0.2795

to judge them on three binary criteria. (i) Query
Validity (Y/N): does the extracted query faithfully
capture the concern expressed in the original re-
view bullet? (ii) Evidence Relevance (Y/N): is
the chunk identified by the bounding box actually
the piece of evidence the reviewer is criticizing?
(iii) Spatial Accuracy (Y/N): does the bounding
box tightly cover the referenced element, without
including unrelated regions or omitting the key sub-
area (e.g., a specific row of a table)? Each triple is
double-annotated; disagreements are resolved by a
third annotator. We report per-criterion accuracy,
overall validity (all three criteria Y), and Cohen’s x
in §4.
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(,-| Summary N\

~N

This paper proposes a novel visual preference alignment method called MIA-DPO, designed to handle multi-
image scenarios. MIA-DPO extends single-image data to multi-image formats using techniques like
sequence, grid collage, and pic-in-pic arrangements, enabling the collection of chosen/rejected pairs without

that may have been mistakenly focused on unrelated images. The method is compatible with various LVLM
architectures and has been tested on different benchmarks, demonstrating its effectiveness.

relying on human annotation. Additionally, MIA-DPO employs attention values to filter out rejected responses

. J

r‘| Strength i

1. The paper is well-organized and clearly written.

2. The proposed method is innovative, addressing the challenge of multi-image scenarios in visual
preference alignment.

3. The experimental results are promising, showing improvements across multiple benchmarks.

"| Weakness i

- In Section 3.3.2, the authors mention using different attention ratio thresholds for grid and pic-in-pic data.
However, they do not provide sufficient details on how they set these thresholds. It would be helpful if the
authors could clarify the rationale behind choosing these specific values.

- The computational cost of MIA-DPO should be compared with the baseline methods (e.g., LLaVA-RLHF,
L etc.) in the experiments section.

6: Marginally above the acceptance threshold

.

Figure 4: More generated review cases by AnchorReviewer.

This paper presents StyleMaster, a novel framework for stylized text-to-image generation (STIG) that
enhances the capabilities of pre-trained diffusion models. The authors address the limitations of existing
methods, such as misinterpreted styles and inconsistent semantics, by introducing a multi-source style
embedder and dynamic attention adapter. The style embedder considers both global and local visual
information along with textual semantics, while the attention adapter dynamically adjusts the weights of the
diffusion UNet to optimize style incorporation. Additionally, the paper introduces new training objectives,

and semantic alignment. Experimental results demonstrate that StyleMaster outperforms existing methods,
L generating images with variable target styles while maintaining semantic fidelity.

1. The paper introduces a novel framework, StyleMaster, that addresses the limitations of existing stylized
text-to-image generation (STIG) methods. The multi-source style embedder and dynamic attention adapter
provide a new approach to style embedding extraction and injection.

2. The authors present extensive experiments that demonstrate the superiority of StyleMaster over existing
methods. The results show that the framework can generate images with variable target styles while
successfully maintaining semantic information from text prompts.

3. The paper is well-structured and clearly written. The introduction provides a thorough overview of the
challenges in STIG and the motivation for the proposed framework. The methodology section is detailed,
and the experimental setup is described in a way that is easy to follow.

/|Weakness I )

- The methodology section lacks novelty. The multi-source style embedder (Section 4.1) and the dynamic
attention adapter (Section 4.2) are similar to those in StyleAdapter. The primary innovation appears to be
the introduction of the new training objectives in 4.3 and 4.4.

- The paper lacks qualitative comparisons with other methods. In the current version, only the content
image and reference image are shown in each row of Fig. 4, and there is no comparison with other
methods. The paper should also show the style consistency of the results. In addition, the paper should
also show more qualitative results, such as the results of the multi-shot setting in Table 2.

- The evaluation protocol is not clear. For example, what are the style reference images and prompts used
in Table 1 and 2? What are the settings of the user study? In the appendix, the authors mentioned “we

({ Srmmary N

including a Gram consistency loss and a semantic disentanglement loss, to further improve style consistency]

J/

(| Strength i ~

. J

\__calculate the average score of 10 human raters for each entry in Table 3", but the metric is not specified. )

Decision
3: Reject, not good enough

Figure 5: More generated review cases by AnchorReviewer.
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r-| Summary }

s

The paper proposes a fairness regularizer based on the Cauchy-Schwarz divergence which aims to reduce
bias in machine learning models. The proposed regularizer is evaluated on four tabular datasets and one
image dataset, showing improved fairness across various metrics without significantly sacrificing utility.

'-| Strength i

The paper identifies a relevant problem in fairness in machine learning and provides a well-structured
review of relevant literature.

[ Weakness | X

\ cannot be optimized directly by algorithms".

-| Decision !

- The definition of fairness notion is not clear. It seems that the authors consider both DP and Equalized
QOdds (EO) as fairness notions. In Appendix F.2, the authors state that DP is a statistical parity and
equalized odds is a fairness metric proposed by Hardt et al. (2016). However, in the main paper, it is not
clear how the proposed regularizer addresses both DP and EO.

- The proposed regularizer (Equation 11) seems to be a simple combination of existing fairness
regularizers (e.g., statistical parity) with the novelty coming from the use of the Cauchy-Schwarz
divergence. Most existing fairness regularizers can be viewed as minimizing the MMD between a
classifier’s output and the label. It is not immediately clear to me what is the unique advantage of using the
Cauchy-Schwarz divergence over MMD. | am also not sure if there are other recent works that also use
the Cauchy-Schwarz divergence for fairness.

- The experimental setup is not clear and fair enough. For example, in Table 1, what is the baseline for
MLP? Is it the same as the baseline in Table 2? Why not compare your proposed regularizer with standard
fairness regularizers (e.g., DP, equalized odds) on the Adult and COMPAS datasets? There are many
fairness datasets on tabular data that can be used for evaluation, e.g., the datasets in Table 3.

- The paper is not well-written. There are many typos and grammatical errors. For example, in the first
paragraph of Section 3.1, "previous studies have employed MMD as a regularizer" should be “previous
studies have employed MMD as a measure” or "previous studies have used MMD as a fairness measure".
There are also many grammatical errors. For example, "The definition of fairness cannot be optimized
directly" should be "The definition of fairness cannot be optimized directly" or "The definition of fairness

3: Reject, not good enough

S

Figure 6: More generated review cases by AnchorReviewer.
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r— 4

This paper introduces a framework for quantifying deception in interactions, based on the concept of regret.
The authors propose that regret provides a way to measure how deceptive an agent’s actions are perceived
by another agent. They formalize this mathematically within a partially observable Markov decision process
(POMDP) model, where deception is quantified as the difference in listener rewards when acting according
to deceptive versus truthful strategies. The framework is evaluated through human studies and applied to
dialogue systems, demonstrating that the proposed regret-based metric aligns with human perceptions of

deception.
| J

f‘| Strength i ~

- The paper is well-organized, with a clear structure that guides the reader through the theoretical
formulation, experimental setup, and results.

- The POMDP-based framework is innovative, offering a structured way to quantify deception that takes
into account both the listener’s beliefs and the expected utility.

- The paper includes a comprehensive evaluation, with human studies and comparisons to dialogue
|__systems. This multi-faceted approach strengthens the credibility of the proposed framework.

Weakness

- Definition 2.1 is not clear. What is L’s policy? It is represented by a function from observations to actions,
but this is not clear. Also, the observation function o_L is not clearly defined. The notation is also not
strong enough. It should be defined that the notation o_L(s) means the observation function. The definition
of the POMDP in Definition 2.2 is also not well justified. What is the POMDP? Is it a Markov chain? It is not
explained well. Also, the reward function R is not defined. It is only mentioned in the paragraph of the
POMDP. What is the role of R in the definition of the POMDP?

- 1. **The paper lacks a clear rationale for using regret to quantify deception.** In Section 2.3, the paper
introduces the concept of regret, defined as the difference in listener rewards under deceptive actions
versus truthful actions (Equation 1). However, the paper does not adequately explain the rationale behind
this choice. Why is it appropriate to use regret as a measure of deception? Are there alternative metrics
that could better capture this aspect?

- The paper is limited in the scope of the scenarios. The scenarios are based on simple binary features,
and the paper does not discuss how to apply the approach to more complex real-world interactions. The
scenarios are also not well justified, and it is not clear to me how they are relevant to human deception.
The three scenarios considered in the paper are listed in Appendix E.

- In Section 2.4, the authors claim that one of the main reasons listeners do not deceive is because they
do not think they are being deceived. | do not think this is a reasonable assumption to make. Why would L
not think they are being deceived? There is no evidence that this is the case, and it is not clear to me why
it would be reasonable to assume this.

- The paper does not discuss limitations and assumptions, which are important to understand when the
framework can be used and when it cannot be used. For example, in the case of the negotiation task, it is
not clear when the framework will fail. The authors should provide more discussion on this point. Similarly,
the statement “The framework is only valid when the speaker’s goal is to deceive the listener” (line 200)
needs more clarification. It is not clear in which scenarios the framework can be used and in which
scenarios it cannot be used. The authors should provide more discussion on this point.

-| Decision l

3: Reject, not good enough

Figure 7: More generated review cases by AnchorReviewer.
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,| Summary

This paper introduces a large-scale dataset for modeling commutating origin-destination (OD) flows, which
are vital for urban planning and transportation. The authors highlight the lack of a comprehensive dataset
and the absence of a unified evaluation framework in this field. To address these gaps, they have compiled a
dataset encompassing 3,333 diverse urban areas across the United States, utilizing a large-scale dataset
construction pipeline. This dataset is characterized by a wide array of urban environments, including
metropolitan, cities, and rural areas, and is enriched with a rich set of urban attributes for each region, such
as sociodemographics and point-of-interests (POls), totaling 131 features. Additionally, the authors conduct
a comprehensive benchmarking of existing models for commutating OD flow generation within a unified
framework. They employ randomly selected areas as test sets to evaluate the models' performance in terms
of both precision and generalizability. The remaining areas are used for training the models. The results
reveal that network-based generative models consistently demonstrate the highest performance across
various metrics, including Common Part of Commuting (CPC), Root Mean Square Error (RMSE), and
Normalized Root Mean Square Error (NRMSE). Furthermore, the authors provide an in-depth analysis of the
factors contributing to the strong performance of the proposed model, WEDAN, in capturing both the distinct
\and common mobility patterns across different urban areas. J

/| Strength ~

1. The paper is well-structured and easy to follow. It effectively highlights the importance of the problem
and provides a clear introduction to the proposed dataset and benchmark.

2. The proposed dataset is extensive, covering a broad range of urban environments across the United
States. It includes a diverse set of urban attributes for each region, enhancing its utility for various
research purposes.

3. The paper offers a thorough and comprehensive evaluation of existing models for commutating OD flow
generation, establishing a unified framework. This evaluation covers a wide range of mettics, including
Common Part of Commuting (CPC), Root Mean Square Error (RMSE), Normalized Root Mean Square
Error (NRMSE), and distribution deviation in graph properties.

4. The proposed model, WEDAN, demonstrates state-of-the-art performance in generating realistic
commutating OD flows. It achieves the highest flow values, property distribution (JSD) metrics, and
outperforms other models in various performance comparisons.

5. The paper includes an in-depth analysis of the factors contributing to WEDAN's superior performance in
capturing distinct and common mobility patterns across urban areas. This analysis provides valuable
\_insights into the model's effectiveness and offers a deeper understanding of the problem. J

(| Weakness ~N

- (1) The dataset is relatively small in scale. The paper mentions that the dataset is limited to a single year,
and Figure 4 shows that the dataset lacks spatial diversity. Additionally, Table 1 indicates that the dataset
does not cover all regions, and the authors state that the dataset is not suitable for fine-grained mobility
analysis (line 406). A validation study across multiple years would strengthen the findings.

- 2. The paper does not sufficiently analyze the limitations of the dataset. In the analysis of the
experimental results on heterogenous areas (4.3), it is mentioned that "typically, developed areas are
larger and have a stronger attraction to populations. Conversely, underdeveloped areas are smaller in size.
Areas of different sizes also exhibit distinct mobility patterns, especially in terms of the skewness of OD
flow distribution." However, the paper does not provide a detailed explanation of how the model performs
on underdeveloped areas. It is mentioned in the appendix that "generative models demonstrate better
adaptability to different structures of areas." But why does WEDAN show superior performance in

Y underdeveloped areas? The paper also does not discuss the limitations of the model. )

-| Decision
8: Accept, good paper

\S =~/

Figure 8: More generated review cases by AnchorReviewer.
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