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Abstract

With the rapid and continuous increase in academic publi-
cations, identifying high-quality research has become an in-
creasingly pressing challenge. While recent methods lever-
aging Large Language Models (LLMs) for automated paper
evaluation have shown great promise, they are often con-
strained by outdated domain knowledge and limited reason-
ing capabilities. In this work, we present PaperEval, a novel
LLM-based framework for automated paper evaluation that
addresses these limitations through two key components: 1)
a domain-aware paper retrieval module that retrieves rele-
vant concurrent work to support contextualized assessments
of novelty and contributions, and 2) a latent reasoning mech-
anism that enables deep understanding of complex motiva-
tions and methodologies, along with comprehensive compar-
ison against concurrently related work, to support more ac-
curate and reliable evaluation. To guide the reasoning pro-
cess, we introduce a progressive ranking optimization strat-
egy that encourages the LLM to iteratively refine its predic-
tions with an emphasis on relative comparison. Experiments
on two datasets demonstrate that PaperEval consistently out-
performs existing methods in both academic impact and pa-
per quality evaluation. In addition, we deploy PaperEval in a
real-world paper recommendation system for filtering high-
quality papers, which has gained strong engagement on so-
cial media—amassing over 8,000 subscribers and attracting
over 10,000 views for many filtered high-quality papers—
demonstrating the practical effectiveness of PaperEval.

Code — https://github.com/ZhengWwwq/PaperEval

Introduction

In recent years, the explosive growth of academic publica-
tions has reflected the vitality of the research community,
while simultaneously posing a critical challenge: How can
researchers efficiently identify high-quality, impactful work
to learn effectively and drive innovation? In this context,
the task of automated paper evaluation is becoming increas-
ingly crucial. It aims to evaluate paper quality and predict fu-
ture impact, thereby facilitating the selection of high-quality
work, supporting researchers in navigating the expanding
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scientific landscape, and ultimately promoting more efficient
and impactful research progress.

Technically, the paper evaluation task aims to analyze the
paper features to assess research quality from various dimen-
sions, such as academic impact (Xia, Li, and Li 2022; Zhao
et al. 2024) and overall quality (Lin et al. 2023). Existing
studies mainly rely on traditional neural models or Large
Language Models (LLMs) for this task:

¢ Traditional methods utilize neural models, such as
Multi-Layer Perceptrons (MLPs), or Long-Short Term
Memory networks (LSTM), to evaluate research papers
based on predefined features, including structural indica-
tors like paper length and reference count (Vergoulis et al.
2020; Ruan et al. 2020), as well as textual patterns (Ma
et al. 2021; Yang et al. 2018). However, these methods of-
ten overlook the semantic content of papers (e.g., abstract
and main text), which is essential for accurate evaluation,
ultimately leading to unsatisfactory performance.

LLM-based methods leverage rich textual information
(e.g., title, abstract, and main text) to learn informative pa-
per representations and employ a scoring module to pro-
duce evaluation scores. Empowered by the advanced se-
mantic understanding capabilities of LLMs, these meth-
ods demonstrate strong potential in capturing the techni-
cal soundness of research papers, yielding more accurate
evaluation results (Lu et al. 2024; Liu et al. 2025a; Zhao
et al. 2025; de Winter 2024).

Despite promising progress, LLM-based methods still
face notable limitations: 1) Due to the time lag in their train-
ing data, LLMs often lack awareness of newly published
work, making it difficult to compare and assess the novelty
and contribution in fast-evolving areas. 2) Research papers
often contain intricate motivations and nuanced method-
ological designs that require deep reasoning beyond surface-
level representation learning.

To address these limitations, we propose PaperEval, a
framework that retrieves domain-relevant reference papers,
jointly encodes them with the target paper into an LLM, and
performs latent reasoning to generate accurate evaluation.

* Domain-aware paper retrieval. To mitigate the issue of
outdated domain knowledge, PaperEval integrates a re-
trieval module that identifies concurrent and thematically
relevant work as reference papers, which are jointly fed



into the LLM along with the target paper for evaluation
and provide essential context and background for LLMs
to better evaluate the novelty and contributions of the tar-
get paper within the current research landscape.

Reasoning-enhanced paper evaluation. Evaluating re-
search papers requires a deep understanding of complex
motivations and nuanced methodologies. This challenge
is further intensified by the need to compare concurrently
retrieved work. This motivates us to stimulate the reason-
ing mechanism of LL.Ms to support deep comprehension,
precise comparison, and fair evaluation. While chain-of-
thought reasoning (Wei et al. 2022) offers interpretable in-
termediate steps, it typically requires annotated reasoning
paths for supervision (Weng et al. 2023), which are scarce
in paper evaluation scenarios. In contrast, latent reason-
ing (Hao et al. 2024) enables implicit multi-step reasoning
within the hidden representations of LLMs, eliminating
the need for explicit annotations. More importantly, LLM-
based paper evaluation focuses on learning more informa-
tive paper representations to enhance evaluation accuracy,
which aligns naturally with the latent reasoning paradigm,
seamlessly integrating reasoning directly at the represen-
tation level. As such, we incorporate latent reasoning into
PaperEval for comprehensive representation learning.

Despite the significant potential of latent reasoning, an ef-
fective optimization strategy is essential to guide the reason-
ing process toward the ultimate ranking goal of paper evalu-
ation. Specifically, the paper evaluation task focuses on com-
paring and identifying valuable work within a large collec-
tion, with a primary emphasis on relative ranking rather than
absolute scoring. However, learning accurate rankings is in-
herently more challenging, as even minor prediction errors
may cause substantial shifts in the ranking positions. To ad-
dress this, we propose a progressive ranking optimization
strategy, which encourages the latent reasoning to progres-
sively improve relative ranking. In particular, at each rea-
soning step, we compute the temperature-controlled softmax
over the predicted scores of a batch of papers, which is then
aligned with the ground-truth order using a ranking loss. To
gradually refine the LLM’s ranking, we progressively de-
crease the temperature during latent reasoning, making the
predicted distributions increasingly sharper and more sensi-
tive to ranking errors. This progressive refinement encour-
ages the LLM to iteratively produce more confident and dis-
criminative rankings within each training batch. By learning
to distinguish fine-grained differences among batch samples,
the LLM enhances ranking reasoning capabilities, which
can naturally generalize to global ranking across the entire
dataset, as theoretically supported by (Lan et al. 2009).

We evaluate the effectiveness of PaperEval on two
datasets, covering key evaluation dimensions including aca-
demic impact and overall quality. Extensive experimen-
tal results demonstrate its superiority over traditional and
LLM-based baselines. Furthermore, we deploy PaperEval in
a real-world recommendation system to filter high-quality
papers from thousands of daily publications. The system
powers social media services with over 8,000 subscribers,
and several recommended papers have received over 10,000
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views on social platforms, demonstrating the practical eval-
uation effectiveness of PaperEval. Our code and data are
available in the Supplementary Materials.

In summary, our key contributions are as follows:

We propose PaperEval, a novel LLM-based framework
for automated paper evaluation that combines a domain-
aware paper retrieval module with a latent reasoning
mechanism to enable more accurate assessments.

We develop a progressive ranking optimization strategy
that supervises the LLM reasoning process to iteratively
refine its ranking predictions, effectively aligning with the
relative ranking objective of paper evaluation.

PaperEval achieves state-of-the-art performance on two
datasets in both academic impact and paper quality eval-
uation, demonstrating the superiority of PaperEval with
progressive ranking optimization.

We deploy PaperEval in a real-world paper recommen-
dation system, which selects the top 10 high-quality pa-
pers each day from thousands of new submissions in fast-
evolving research areas.

Related Work

Paper Evaluation. Paper evaluation aims to assess a pa-
per’s quality or predict its academic impact. From the qual-
ity perspective, a central task is paper rating — predict-
ing whether a paper will be accepted by peer review com-
mittees (Lin et al. 2023). Existing methods fall into three
main categories. The first leverages neural architectures
like CNNs and attention-based models to capture local and
global textual interactions (Yang et al. 2018; Deng et al.
2020). The second extracts metadata features and employs
traditional models such as random forests (Wang et al.
2024). The third directly encodes the textual content using
pretrained models like BERT (Devlin et al. 2019), as in re-
cent work (Xue et al. 2023; Liu et al. 2025a). For evaluat-
ing academic impact, prior studies focus on predicting ci-
tation counts, citation levels, or other derived impact met-
rics (Zhao et al. 2024), which can similarly be grouped into
three strategies. Metadata-based approaches use handcrafted
or extracted features with classical models like MLPs or de-
cision trees (Wang, Yu, and Yu 2011; Qiu and Han 2024;
Ruan et al. 2020; Zhang and Wu 2024). Graph-based meth-
ods model early citation dynamics using citation graphs
and apply graph neural networks for future trend predic-
tion (Yan et al. 2024; He et al. 2023; Li et al. 2023; Jiang,
Koch, and Sun 2021). LLM-based approaches either prompt
models with a paper’s title and abstract to generate citation
scores (de Winter 2024), or map dense representations to
impact-related metrics (Zhao et al. 2025). Despite these ad-
vances, accurate and fine-grained paper evaluation remains
challenging. In this work, we explore how integrating re-
trieval techniques with the reasoning capabilities of LLMs
can address this challenge.

Latent Reasoning. Unlike Chain-of-Thought (CoT) rea-
soning (Wei et al. 2022; Su et al. 2025; Carrow et al. 2025),
which relies on explicitly generated intermediate steps, la-
tent reasoning performs inference directly within a model’s
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Figure 1: Overview of PaperEval. It comprises two key
components: domain-aware paper retrieval and reasoning-
enhanced paper evaluation, where the model is fine-tuned
using the progressive ranking optimization strategy.

hidden representations (Hao et al. 2024; Biran et al. 2024).
This implicit approach has gained momentum in LLM-based
recommendation (Tang et al. 2025; Shen et al. 2025a,b;
Liu et al. 2025b) and retrieval tasks (Ji et al. 2025), as it
avoids the need for annotated reasoning traces while en-
abling richer, more informative representations. However, a
key challenge remains: how to effectively supervise the la-
tent reasoning process. On the one hand, it is essential to en-
sure that the reasoning process unfolds progressively toward
the correct output, allowing the model to refine its predic-
tion step by step (Tang et al. 2025; Liu et al. 2025b; Ji et al.
2025). On the other hand, models must avoid degenerate rea-
soning, where the hidden states prematurely converge and
hinder iterative refinement. For instance, Tang et al. (Tang
et al. 2025) introduce a loss that encourages representational
diversity across reasoning steps to mitigate this issue. De-
spite these efforts, ensuring that the model consistently re-
fines its predictions toward accurate outcomes remains chal-
lenging. In this work, we propose a progressive optimization
strategy that progressively adjusts the softmax temperature
and incorporates a ranking-based loss. This design explicitly
guides the latent reasoning process toward better alignment
with ground-truth evaluation targets.

PaperEval

As shown in Figure 1, Domain-Aware Paper Retrieval
module selects relevant reference papers, which are jointly
encoded with the target paper by Reasoning-Enhanced Pa-
per Evaluation through multi-step latent reasoning to pro-
duce a quality prediction. To guide the reasoning toward
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more accurate ranking, we apply a Progressive Ranking
Optimization strategy.

LLM-based Paper Evaluation

Given a set of N research papers P = {p;}}\,, where each
paper p; is associated with a ground-truth score s; reflecting
various evaluation aspects (e.g., academic impact and overal
quality), LLM-based paper evaluation aims to learn infor-
mative paper representations that enable accurate prediction
of these scores. Due to the high computational cost of pro-
cessing full paper bodies, recent methods typically utilize
the most representative textual elements (e.g., title and ab-
stract) to construct paper representation w;, then integrate a
lightweight scorer to produce a predicted score §;. Formally,

where LLM(p;)[—1] denotes the final hidden state output by
the LLM for paper p;, and Scorer(+) is usually implemented
as a lightweight MLP.

$; = Scorer(w;),

Domain-aware Paper Retrieval

To equip LLMs with up-to-date domain knowledge for more
accurate assessment of the novelty and contributions of each
target paper, we introduce a domain-aware retrieval mod-
ule (depicted at the top of Figure 1). Specifically, given the
title and abstract of research papers, we first employ Chat-
GPT (Achiam et al. 2023) to generate representative topic
keyphrases, which are then encoded into topic embeddings
using the CLIP text encoder (Radford et al. 2021). To iden-
tify relevant work for each target paper p;, we first compute
the cosine similarity between the target topic embedding and
those of all other papers in the corpus, where papers with
similarity exceeding a predefined threshold ~ are retained
as candidates. Considering the rapidly evolving nature of
many research fields, we further filter these candidates by
selecting only concurrent relevant papers, whose publica-
tion dates are closest to the target paper p;. The resulting
set, denoted as R;, contains at most k papers and serves as
the domain-aware reference set, providing essential contex-
tual background to help the LLM more accurately assess the
target paper’s position within the current research landscape.

Reasoning-enhanced Paper Evaluation

To achieve a comprehensive understanding of the motiva-
tion and methodological designs of the target paper and ef-
fectively incorporate the retrieved domain-aware reference
set for contextualized evaluation, PaperEval adopts a latent
reasoning mechanism that performs implicit multi-step rea-
soning for more accurate and reliable evaluation.

Formally, given the target paper p; and the corresponding
domain-aware reference set R;, we first construct a textual
prompt based on the title and abstract of both target and ref-
erence papers, and then tokenize it into a sequence of to-
kens T;. To stimulate the reasoning capabilities of LLMs
(as shown in the middle of Figure 1), PaperEval introduces
m reasoning tokens {71, 7a, - - , 7, }, which represent inter-
mediate reasoning steps. These tokens guide LLMs to pro-
gressively refine the latent states, yielding increasingly in-



formative and discriminative paper representations. The pro-
cess is formulated as follows:

wlw, w§2), e 7w£m) = LLM(T}, 71,72, ,tm)[—m ], (2)
where wf] ) denotes the intermediate paper representation
at the j-th reasoning step. Each representation is then
o) _

passed through a scorer to obtain a predicted score: 3,

(7)

Scorer(w;”’), resulting in m predictions, all of which are su-

pervised during training, as detailed in the next section.

Progressive Ranking Optimization

Since paper evaluation focuses on identifying the most valu-
able papers, relative ranking is prioritized over predict-
ing absolute scores. However, learning accurate rankings is
challenging, as even small mistakes can lead to substantial
shifts in order. To address this, we propose a progressive
ranking optimization strategy (illustrated at the bottom of
Figure 1) that encourages the model to iteratively refine its
predictions during multi-step reasoning, gradually improv-
ing its ranking accuracy.

Training. Inspired by ListMLE (Xia et al. 2008), which
learns to predict rankings by maximizing the likelihood of
the ground-truth order, we adapt it to the paper evaluation
scenario, encouraging the predicted scores to yield a ranking
consistent with the ground-truth.

Given a training batch of B target papers, we first sort
the papers in descending order of their ground-truth scores,
which serves as the supervision signal to guide the model
to focus on relative rankings. At each reasoning step j, the

model predicts a batch of scores {éz(] )}f;l, which is con-
verted into a score distribution via a softmax function. As the
reasoning process deepens, we hope the model predictions
are progressively refined, gradually converging toward the
optimal relative rankings with increasing confidence. Moti-
vated by this, we introduce progressive temperature anneal-
ing into the softmax function to progressively sharpen the
score distribution, which increases confidence in the predic-
tion and amplifies the penalty for incorrect rankings, provid-
ing stronger supervision. Specifically, we apply a linearly
decreasing temperature schedule:

T(J) = Tmax T i('Tmin - Tmax)» (3)

m

where Timin < Tmax © R7T indicates the upper and lower
bounds of temperature, and 7() refers to the annealed tem-
perature for reasoning step j. Therefore, the score distribu-
tion at step j is defined as:

exp(8Y) /7))
Sy exp(s /)
Based on the score distribution at each reasoning step, we

adapt the ListMLE loss into the paper evaluation setting, en-
couraging the model to generate correct relative rankings:

m B f'(])
L= —ZlogH r(®)
Jj=1

i=1 2ik=i fr(g;)g)

f9 = “)

&)

B ~
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where (i) denotes the paper ranked at the i-th position in
the ground-truth permutation. This loss can be interpreted as
the log-probability of sequentially sampling papers accord-
ing to the ground-truth order without replacement, based on
the model’s predicted scores. It effectively guides the model
to progressively refine the score predictions that better re-
flect the desired relative rankings.

Inference. After the multi-step reasoning process, the pre-

diction at the final reasoning step §1(7n) represents the most
informed and discriminative evaluation of the target paper
pi, as it integrates progressively refined judgments across

all reasoning steps. Therefore, during inference, we directly
adopt 5™

g

as the final evaluation score for p;.

Practical Application of PaperEval

We deploy PaperEval as the core filtering module of an au-
tomated paper recommendation system, which has been suc-
cessfully launched on social media. As shown in Figure 2,
the system operates through three main phases:

Paper retrieval. The paper recommendation system first
selects key topics from pre-defined topics based on certain
rules, and retrieves thousands of candidate papers from
open-access paper platforms such as arXiv.

Paper filtering. Built upon PaperEval, the system evalu-
ates candidate papers and selects the top 10 most valuable
ones based on quality and impact.

Paper recommendation. For the selected papers, the sys-
tem employs a post generator to synthesize concise re-
views and organize key information into easily digestible
posts, which are then published on social media to provide
followers with timely paper recommendations.

Experiments

In this section, we evaluate our proposed PaperEval on two
datasets targeting future impact and overall paper quality.
We aim to answer the following research questions:



* RQ1: How does PaperEval compare to both LLM-based
models and traditional neural baselines?

* RQ2: What is the contribution of different components
(e.g., paper retrieval, latent reasoning) to the overall per-
formance of PaperEval?

* RQ3: How does PaperEval improve its ranking predic-
tions through progressive latent reasoning?

Experimental Settings

Datasets. To evaluate the performance of PaperEval, we
conduct experiments on two datasets. The NAID dataset,
which is publicly available, provides scores reflecting sci-
entific impact. Furthermore, we construct a new dataset, the
ICLR-based dataset, to assess research quality through peer
review scores. This dual perspective allows for a comprehen-
sive evaluation of our model’s ability to predict both long-
term scholarly influence and immediate research quality.

(1) NAID (Zhao et al. 2025): This dataset is derived from
arXiv. Each paper includes its title, abstract, some metadata
(e.g., paper length, number of references), and an impact
score that quantifies its relative citation rank within the same
domain and publication period, serving as an indicator of the
paper’s future impact in its field. The dataset contains 11,118
papers in the training set and 1,237 papers in the test set.

(2) ICLR: This dataset contains peer review data from
ICLR 2021 to 2024 via the OpenReview platform. Each pa-
per includes the title and abstract. To compute paper ratings,
we first calculate the average of all review scores, remove
scores that deviate by more than 3 points from this average,
and then compute the average of the remaining scores as the
final scores. This score is normalized to the range [0, 1] and
used as the overall quality score. The training set consists of
14,914 papers, and the test set consists of 1657 papers.

The training and test sets are randomly split in a 9:1 ratio.
For both datasets, we randomly split 10% training data as
the validation dataset during training.

Baselines. We compare PaperEval against various base-
lines, including both traditional and LLM-based methods:

¢ Traditional methods: 1) MLP-based (Ruan et al. 2020)
method uses metadata of the target paper as input to an
MLP to predict the evaluation score. We do not evaluate
this method on the ICLR dataset due to the lack of meta-
data. 2) LSTM-based (Ma et al. 2021) method encodes
the abstract of each paper into a sequence representation
and applies an LSTM network to predict the target score.

e LLM-based methods: 3) GPT-part (de Winter 2024)
method prompts ChatGPT to predict a paper’s score based
solely on its title and abstract. We use GPT-40 (Hurst
et al. 2024) as the underlying model. 4) GPT-all (Lu et al.
2024) approach treats the LLM as a reviewer, prompt-
ing it to read the entire paper and generate a full review,
including an overall quality score. For cost considera-
tions, we choose GPT-40-mini as our base model. 5) SciB-
ERT (Beltagy, Lo, and Cohan 2019) method is a BERT-
based model pretrained on scientific text. We fine-tune it
with a simple regression module to perform paper evalu-
ation. 6) NAIP (Zhao et al. 2025) method uses LLaMA3-
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Smaug (Pal et al. 2024) as the backbone LLM. An addi-
tional regression module is applied to the output embed-
ding to generate the final score.

Evaluation Metrics. We adopt a variety of evaluation
metrics targeting two key aspects: top-K ranking quality and
overall ranking consistency. Rankings are computed over all
test samples based on their predicted scores.

Top-K ranking quality: Following (Zhao et al. 2025),
we use Normalized Discounted Cumulative Gain
(NDCG)@{10,20} to measure the ranking quality of the
top-K recommended papers.

Overall ranking consistency: Following (Ng and
Abrecht 2015), we employ Spearman’s rho and Kendall’s
tau to assess how well the predicted rankings align with
the ground-truth rankings.

Overall Performance (RQ1)

Table 1 presents a comprehensive comparison between Pa-
perEval and all baseline methods. We summarize our key
observations as follows:

* MLP-based models that leverage metadata outperform
LSTM baselines on the NAID dataset, highlighting the
value of metadata features. However, their lack of seman-
tic understanding limits their overall evaluation capability.

 Pretrained LLMs significantly outperform MLP-based,
LSTM-based baselines. This highlights the effective-
ness of language model-based semantic understanding
in evaluating research papers. Moreover, fine-tuned mod-
els (SciBERT, NAIP) achieve better performance than
prompting approaches (GPT-part, GPT-all), indicating
that task-specific fine-tuning can more effectively en-
hance a model’s capability in evaluating scientific pa-
pers. Furthermore, NAIP outperforms the SciBERT-based
method, suggesting that large-scale language models pos-
sess stronger semantic capabilities for understanding sci-
entific papers, thereby achieving better performance.

PaperEval consistently achieves state-of-the-art perfor-
mance across all evaluation metrics and datasets. By re-
trieving domain-relevant references and employing la-
tent reasoning to model complex academic semantics, Pa-
perEval more accurately captures the novelty and quality
of target papers, resulting in superior performance in both
top-K ranking quality and overall ranking consistency.
With the same experimental setup as NAIP, the compu-
tational cost remains fully comparable.

In-depth Analysis (RQ2)

In this section, we conduct experiments to further investigate
how the designs in PaperEval affect the performance.

Ablation Study. To assess the contribution of each design
in PaperEval, we conduct ablations on the NAID dataset: 1)
“w/o Ret.” removes the paper retrieval module, which means
we do not leverage reference papers anymore. 2) “w/o Rea”
skips reasoning and directly outputs predictions. 3) “w/o
Opt.” replaces progressive ranking optimization with Mean
Squared Error (MSE) on final scores.



Metrics NAID ICLR
N@101 N@201 Spearman| Kendall T | N@101T N@20 1 Spearman{ Kendall 1

MLP-based 0.5109  0.5605 0.0505 0.2868 - - - -
LSTM-based 0.4506 0.4512 -0.0009 0.0904 | 0.5119 0.5515 0.1355 0.0929
GPT-part 0.5332  0.5258 0.0748 0.0527 0.6600  0.6428 0.0572 0.0417
GPT-all - - - - 0.6268  0.6365 0.0579 0.0481
SciBERT 0.5784 0.5615 0.0365 0.2709 0.6491  0.6877 0.2114 0.1457
NAIP 0.9274  0.9079 0.4514 0.3163 0.7510  0.7306 0.3188 0.2236
PaperEval (Ours) | 0.9589  0.9521 0.4953 0.3438 | 0.7784  0.7386 0.3276 0.2285

Table 1: Performance comparison of PaperEval and baseline models on the NAID and ICLR datasets. N@{10,20} denotes
NDCG@1{10,20}, while Spearman and Kendall represent Spearman’s rho and Kendall’s tau, respectively. The best performance

for each metric is shown in bold.

Method NAID ICLR
N@10 Spearman | N@10 Spearman
PaperEval | 0.9589  0.4953 |0.7784  0.3276
-w/oRet. | 0.9432 04702 |0.7235  0.3545
-w/oRea. | 0.9449  0.4968 |0.7559  0.3479
-w/o Opt. | 0.9585 0.4808 |0.7166  0.3198

Table 2: Effect of designs in PaperEval. “Ret.” denotes
domain-aware paper retrieval method, “Rea.” denotes the la-
tent reasoning progress, “Opt.” denotes our proposed pro-
gressive ranking optimization.

From the experimental results shown in Table 2, we ob-
serve: 1) The performance decline without domain-aware re-
trieval underscores the importance of contextual references
in enhancing evaluation quality. 2) Latent reasoning brings
clear gains in top-k performance by better aligning papers
with retrieved papers. However, its tendency to converge
quickly (e.g., m = 8 converges in 4 epochs, while m = 12
takes only 2) combined with the difficulty of supervising the
reasoning process, may slightly hurt overall ranking consis-
tency. 3) Removing the optimization strategy significantly
reduces performance, since directly regressing dense rele-
vance scores makes it difficult for the model to distinguish
subtle differences in paper quality and relative order.

Loss Variants Comparison. To assess the effectiveness
of our list-wise ranking loss design, we conduct a series of
experiments comparing it with alternative loss designs, all
following the same progressive temperature-controlled set-
ting. Specifically, we evaluate the following variants:

Pair-wise ranking: Inspired by RankNet (Burges et al.
2005), we design a temperature-controlled pair-wise rank-
ing loss to examine whether pair-wise supervision is more
suitable for PaperEval than list-wise ranking.

Distribution similarity: To investigate whether aligning
the predicted and target distributions is the key factor, we
generate the ground-truth distribution via a temperature-
controlled softmax and compute the KL-divergence be-
tween it and the predicted distribution as the loss.

Score regression: As a control setting, similar to (Zhao
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Method NAID ICLR
N@10 Spearman | N@10 Spearman
List-wise 0.9589 04953 |0.7784  0.3276
Pair-wise 0.9296 04738 |0.7350  0.3139
Distribution | 0.9265  0.4772 |0.7559  0.3071
Regression | 0.9585 0.4808 |0.7166  0.3198

Table 3: Performance comparison of various loss designs.

et al. 2025), we remove the ranking-based objective and
directly apply an MSE loss between the final predicted
score and the ground-truth label. This setup allows us to
examine whether ranking is a more effective learning sig-
nal than direct score supervision.

To ensure a fair comparison, we perform hyperparameter
tuning (learning rate, number of epochs) for each variant.

From the results summarized in Table 3, we observe the
following: 1) List-wise ranking loss outperforms pair-wise
ranking loss. This suggests that optimizing over the full
ranking list provides a more informative and fine-grained
training signal than relying solely on pairwise comparisons.
The list-wise objective encourages the model to consider
global ranking consistency, which is particularly beneficial
in complex evaluation tasks like ours. 2) The distribution
similarity loss fails to capture fine-grained relative order.
While it encourages the overall score distribution to match
the target distribution, it lacks explicit supervision over the
relative ranking between individual papers. As a result, its
performance falls short, indicating that alignment at the dis-
tribution level is insufficient for our goal of precise paper
ranking. 3) Unlike ranking-based objectives, score regres-
sion focuses on predicting exact values, which often mis-
aligns with identifying the relative ranking of the papers. As
our results show, regression consistently underperforms on
all metrics, confirming that optimizing for relative order is
more suitable and effective.

Hyperparameter Analysis. In this section, we examine
the effectiveness of two key hyperparameters on the NAID
dataset: the number of retrieved reference papers k£ and rea-
soning steps m. The results are shown in Figure 3.
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Figure 3: Performance comparison with different hyperpa-
rameter settings. We vary the number of reference papers k
and the number of reasoning steps m.

* The number of retrieved reference papers k. When the
number of retrieved reference papers is too small, the
LLM lacks sufficient reference context to support accu-
rate evaluation, leading to limited knowledge grounding
and poorer ranking performance. Conversely, when too
many references are included, the model struggles to ef-
fectively capture their relevance to the target paper. This
often causes it to lose focus on the target paper itself, im-
pairing top-k identification accuracy. Notably, we observe
that NDCG drops more significantly than Spearman in this
case, indicating that excessive references particularly af-
fect top-ranked results. Furthermore, a larger &k increases
input length and computational cost. These findings sug-
gest that selecting a moderate k is essential to balance con-
textual richness, ranking focus, and efficiency.

The number of reasoning steps m. From the right part of
Figure 3, we observe a clear trend where performance first
increases and then decreases as the number of reasoning
steps m grows. On the one hand, using too few reason-
ing steps fails to fully leverage the reasoning process: the
LLM produces an output without sufficiently analyzing or
inferring from the input, leading to suboptimal results. On
the other hand, using too many reasoning steps also de-
grades performance. This is primarily due to the increased
risk of overfitting. We observe during training that models
with large m tend to converge quickly but subsequently
overfit severely. This overfitting can be attributed to the re-
peated refinement loop in the reasoning process: when the
number of steps is excessive, the model repeatedly repro-
cesses the same input, leading to a kind of memorization
or confirmation bias instead of genuine reasoning. Con-
sequently, the model may lose generalizability and begin
to reinforce incorrect intermediate conclusions. Similar to
the choice of &, it is crucial to select a moderate number of
reasoning steps. A well-balanced m encourages the model
to reason carefully and refine its predictions while avoid-
ing the pitfalls of excessive iteration.

Effect of Latent Reasoning (RQ3)

To assess whether our progressive ranking optimization ef-
fectively encourages step-by-step refinement, we analyze
model outputs at different reasoning steps.

We analyze a partially trained model (before full conver-
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Figure 4: N@ 10 performance across reasoning steps to eval-
uate progressive refinement.

gence), where step-wise refinement is more visible. After
convergence, due to supervision at each step, predictions
tend to stabilize, making refinement less apparent. We re-
port NDCG @10 for its sensitivity to ranking quality. “Step-
0” denotes the baseline prediction without reasoning, using
the final token output directly.

As shown in Figure 4, the model progressively improves
its predictions across reasoning steps, validating the effec-
tiveness of our proposed strategy. The NDCG score consis-
tently rises, reflecting improved alignment with the ground-
truth ranking. However, in Figure 4(a), a slight drop at the
final step suggests that prolonged latent reasoning may lead
to diminishing returns or repetitive thinking, pointing to a
potential limitation and direction for future work.

Conclusion

In this work, we focus on automatic paper evaluation, which
involves assessing specific aspects of research papers to
help researchers navigate the growing volume of academic
publications. We propose PaperEval, a novel LLM-based
framework that combines domain-aware retrieval with la-
tent reasoning to enable more accurate and reliable evalu-
ations. Furthermore, we design a progressive ranking opti-
mization strategy that guides the reasoning process by pro-
gressively refining predictions toward more accurate relative
rankings. Experimental results demonstrate that our frame-
work achieves state-of-the-art performance in both academic
impact and overall quality assessment. Besides, we deploy
PaperEval in a real-world paper recommendation system,
which has gained notable traction on social media, attract-
ing over 8,000 subscribers and generating more than 10,000
views for several recommended papers.

Despite strong performance, our framework still has lim-
itations, particularly for the latent reasoning module, which
opens promising directions for future research. Enhancing
latent reasoning for more accurate and insightful paper eval-
uation requires more effective supervision strategies that are
robust to hyperparameter choices, computationally efficient,
and resilient to overfitting. In addition, incorporating mul-
timodal information (e.g., figures and tables) from research
papers presents another valuable avenue for enhancing the
accuracy and depth of paper evaluation.
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