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Abstract

Automated novelty judgment can accelerate
scientific discovery by enabling efficient evalu-
ation, refinement, and comparison of research
ideas. While large language models are in-
creasingly adopted for this task, we investi-
gate a previously overlooked limitation in their
judgment capabilities: despite generating rea-
soning rationales that closely mirror those of
human experts, their final novelty judgments
often diverge substantially. We demonstrate
that this miscalibration stems from a system-
atic bias towards judging ideas as “medium
novel”. To mitigate this, we propose Think-
Probe-Respond (TPR), a lightweight approach
that probes latent novelty judgments from hid-
den states during the reasoning phase and uses
the probed judgments to condition the final re-
sponse. Across strong baselines, TPR improves
novelty judgment performance by 22.30% and
successfully mitigates the prevalent “medium
novelty” bias.

1 Introduction

Judging the novelty of research ideas is crucial to
scientific progress, enabling original contributions
and shaping future scientific directions. However,
manual novelty judgment requires substantial ex-
pertise and a broad understanding of the relevant
literature, making it time-consuming, subjective,
and difficult to scale (Picard et al., 2025). As sci-
entific output continues to grow rapidly (Fortunato
et al., 2018), automated support for novelty judg-
ment becomes important for helping researchers
assess, refine, and compare research ideas.

Recent work increasingly relies on large lan-
guage models (LLMs) to judge research idea nov-
elty (Lu et al., 2024; Li et al., 2024a; Si et al., 2025;
Su et al., 2025; Lu et al., 2026; Gottweis et al.,
2026; Mostafa et al., 2026; Wu et al., 2026, in-
ter alia). However, a critical discrepancy persists:
while these models produce plausible, human-like

novelty arguments (Afzal et al., 2026), their final
novelty judgments remain fundamentally discon-
nected from their own reasoning rationales and fail
to align with human judgments (Si et al., 2025;
Schopf and Férber, 2026).

In this work, we investigate the underlying
causes of this miscalibration and demonstrate that
LLMs exhibit a systematic bias toward conserva-
tive “medium novelty” judgments, even when their
internal reasoning supports substantially different
judgments. Motivated by this finding, we pro-
pose Think-Probe-Respond (TPR), a lightweight
method for mitigating novelty miscalibration. TPR
probes latent novelty beliefs from hidden states dur-
ing reasoning and conditions the final response on
these extracted beliefs. Experimental results show
that TPR improves novelty judgment performance
by 22.30% on average over strong baselines while
producing less biased novelty judgments.

2 Related Work

Early efforts for automated research idea novelty
judgment have evolved from citation- and lexical-
based methods (Uzzi et al., 2013; Wang et al., 2017;
Amplayo et al., 2019; Wang et al., 2019; Sarica
et al., 2020) to semantic embedding approaches
(Gémez-Pérez et al., 2022). While these meth-
ods improve semantic matching, they largely re-
main limited to surface-level similarity estimation
(Mysore et al., 2022). More recent work adopt
LLM:s for automated novelty judgments (Wu et al.,
2025; Si et al., 2025; Liu et al., 2025; Wang et al.,
2025; Baek et al., 2025; Lin et al., 2025; Zhang
et al., 2025; Tang et al., 2025; Li et al., 2025; Feng
et al., 2025; Hou et al., 2026, inter alia). In con-
trast to prior work, we investigate a previously
overlooked failure mode of LLMs: the systematic
miscalibration between their generated novelty ra-
tionales and final novelty judgments.


https://arxiv.org/abs/2608.25660v1

,h®)
(Logistic Regression)

Probing Classifier

D

Novelty Score Prediction: [1-5] ]<—I

:'[ Research Idea: ... ]i Hidden States: H = hD, ...
i Related Yorks i Probmg Feature Input: h(L)
1 1
i i
il_Think step by step! _Ji

[ Instruction: ... ]

Response fond] [ Novil.ty S.cor.e: [1-5] ]
Token , Justification: ...

L
LLM 3
[start] Think Think Prediction | | Prediction Response |
Token t; Token t,, Token p, Token p,, Token 7y
A DN AN J
v v V"

Stage 1: Think

Stage 2: Probing Result Insertion

Stage 3: Respond

Figure 1: Overview of our Think-Probe-Respond approach. The snowflake (3 ) indicates frozen parameters, while

the flame () indicates trainable parameters.

3 Benchmark

We conduct all experiments on RINoBench (Schopf
and Firber, 2026), the only publicly available
benchmark for research idea novelty judgment
with human-annotated novelty scores. It comprises
1,381 expert-authored ideas, each paired with re-
lated works, a human-annotated novelty score on a
five-point Likert scale (rubric in Table 5), and an
expert-written justification supporting the assigned
novelty score. Given a research idea and its re-
lated work, models must predict the novelty score
ranging from 1 (not novel) to 5 (highly novel) and
generate a textual justification grounded in compar-
isons with prior work.

4 Miscalibration in LLM Novelty
Judgments

Although LLM novelty rationales align closely
with human reasoning (Afzal et al., 2026), their
final novelty judgments often diverge significantly
from human consensus (Si et al., 2025; Schopf and
Farber, 2026). To investigate this miscalibration
and examine why LLMs struggle to produce accu-
rate novelty judgments, we prompt six state-of-the-
art (SOTA) LLMs (Gemini 2.5 Pro (Comanici et al.,
2025), Gemini 3 Pro (Google, 2025), Claude Son-
net 4.5 (Anthropic, 2025b), Claude Opus 4.5 (An-
thropic, 2025a), GPT-5 mini (Singh et al., 2026),
GPT-5.4 (OpenAl, 2026)) to judge research idea
novelty (prompt in Figure 3). As Table 1 shows,
all models perform poorly on the novelty judg-
ment task, yielding MAE values around one and
consistently low macro-F} scores, with the best-
performing model achieving just 17.1.

LLMs Avoid Extreme Novelty Judgments The
dominant failure pattern is a strong middle-ground
bias. Across models, predictions concentrate on
novelty classes 3 and 4, while the lowest and high-
est categories are rarely predicted correctly. With

the exception of Gemini 3 Pro, which occasionally
assigns classes 1 and 5, models fail almost entirely
on these extreme cases. Table 8 shows examples of
this LLM behavior.

Latent Belief vs. Expressed Novelty Judgment
This middle-ground bias contrasts with the quality
of the generated justifications. Models achieve high
recall with respect to human-annotated justification
arguments, indicating that they often identify the
same overlaps, differences, and novelty aspects as
human experts. Overall, these results suggest that
LLMs often “know” substantially more about the
true novelty level than their generated numerical
novelty scores reveal.

Takeaway The miscalibration of LLMs as novelty
judges is therefore best understood as a mismatch
between latent belief and expressed judgment. The
models’ reasoning often contains evidence for ac-
curate novelty judgment, but their final outputs are
biased towards safe middle categories.

S Probing Latent LLM Judgments

Building on the finding that LLMs internalize be-
liefs about research idea novelty that closely mirror
those of human experts—and therefore generate
comparable novelty rationales—yet are biased to-
wards predicting medium novelty categories, we
propose the TPR approach for research idea nov-
elty judgment. TPR explicitly exploits the model’s
internal beliefs during reasoning about novelty to
yield less biased and more accurate quantitative
judgments. These judgments are then reused as
conditioning signals to generate textual justifica-
tions that are coherent and well-aligned with the
predicted numerical scores. As illustrated in Figure
1, TPR consists of three stages. (1) Think: We
instruct an LLM to judge the novelty of a research
idea and to think step by step before producing a
final response. For reasoning models that gener-
ate think tokens by default, we omit any explicit



F MAE | ALI Recall Add. Ratio Hall. Rate
Model Macro 1 2 3 4 5 \ KA NA KA NA KA NA
Gemini 2.5 Pro 156 00 63 288 429 00 1.0 |04l 647 606 1046 965 82 12
Gemini 3 Pro 153 98 309 358 00 98 10 | 046 649 670 1019 812 13.8 3.2
Claude Sonnet4.5 155 0.0 146 432 195 00 09 | 059 800 703 1501 148 87 12
Claude Opus 4.5 171 00 121 416 319 00 08 | 061 804 688 1434 1060 80 12
GPT-5 mini 162 00 51 408 349 00 09 | 062 773 678 1448 1048 78 1.0
GPT-5.4 151 00 3.0 483 243 00 0.8 | 062 758 678 1172 773 48 0.6

Table 1: Evaluation results of novelty judgments on the RINoBench test set. The reported metrics include F; macro
averaged and for each rubric category (1-5), Mean Absolute Error (MAE), Alignment (ALI), Recall, Additional Ratio
(in %), and Hallucination Rate (in %) for Known Aspects (KA) and Novelty Aspects (NA) respectively (for more

details on the metrics, see Appendix B).

“think step by step” instruction. Importantly, we
provide only textual descriptions of the novelty cat-
egories—without numerical scores—and instruct
the model to evaluate novelty solely based on these
descriptions without generating numerical judg-
ments. This design encourages the model to think
about the novelty of research ideas qualitatively,
avoiding anchoring its internal representations to
explicit numeric outcomes that could bias the rea-
soning process. Figure 4 shows the prompt used in
this approach. (2) Probe: Given an LLM with L
hidden layers, let H = A, ... h(L) represent the
stack of hidden states. For a generated sequence
of reasoning (“think™) tokens T" = t1,...,t,, we
terminate generation upon the production of the
final think token ¢,, and extract the hidden state
hgf) (Section 6 motivates the choice of ¢,,). This
representation hgf) is then used as the input feature
vector for a logistic regression probing classifier.!
(3) Respond: We append the textual description of
the predicted novelty class to the LLM-generated
output and resume generation. Conditioned on both
its prior reasoning and the predicted novelty judg-
ment, the LLM generates the final response, which
is used as the justification of the novelty judgment.

TPR is computationally efficient and lightweight.
All LLM parameters remain frozen and are used
only at inference. Training is limited to a simple
logistic regression classifier, which can be learned
efficiently on CPU.

5.1 Experimental Setup

We evaluate TPR against a diverse set of ap-
proaches. These include Zero-shot prompting, as
used in Section 4; Few-shot prompting adapted

'While probing intermediate layers is a viable alternative,
we follow prior work showing that representations from the
final layer typically yield strong probing performance and offer
practical advantages, as extraction of the last hidden state of a
given model is more easily facilitated in common open-LLM
frameworks than earlier layers (Maiya et al., 2025).

from (Shahid et al., 2025), which provides one ex-
ample per novelty class; Chain-of-Thought (CoT)
prompting, where the model is instructed to rea-
son step by step before producing a novelty judg-
ment; several prompt-based methods derived from
Moose (Yang et al., 2024), ResearchAgent (Baek
et al., 2025), AI Scientist (Lu et al., 2024), and
AT Researcher (Si et al., 2025); as well as a Fine-
Tune approach that uses LoRA (Hu et al., 2022)
for LLM fine-tuning (training details are provided
in Appendix C).

Since we require access to model parameters, we
conduct experiments exclusively with open-source
LLMs spanning multiple model families. We eval-
uate reasoning models that generate explicit think
tokens by default, namely Qwen3 (4B, 14B, 32B)
(Yang et al., 2025) and GPT-OSS-20B (OpenAl
et al., 2025), as well as non-reasoning models for
which we explicitly instruct step-by-step reason-
ing to elicit think tokens under TPR, including
Gemma 3 (4B, 12B, 27B) (Google et al., 2025)
and Llama 3.1 (8B, 70B) (Grattafiori et al., 2024).

5.2 Evaluation Results

Figure 2 presents macro-F} scores for different
LLMs and approaches (see Appendix E for met-
ric selection details). Across all evaluated models,
TPR achieves the highest performance, surpass-
ing the best competing approach by an average of
22.30%. Remarkably, this performance is achieved
using only a lightweight logistic regression probing
classifier, significantly surpassing the computation-
ally expensive FineTune approach. While Fine-
Tune often outperforms prompt-based approaches,
it cannot match the performance of TPR.

Consistency Across Prompt-Based Approaches
The effectiveness of prompt-based methods varies
substantially across models, with no single prompt-
ing strategy consistently outperforming others. In
contrast, TPR demonstrates robust, model-agnostic
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Figure 2: Macro-F scores for different approaches and LLMs on the RINoBench test set.

performance, delivering strong results across all
LLMs investigated

Model Size Is Not Determinative Probing LLM
beliefs during reasoning yields strong novelty judg-
ments regardless of model size. Larger models
do not necessarily perform better: for instance,
the biggest Llama-3.1-70B ranks second-worst,
whereas the smallest Gemma3-4B ranks second-
best. Moreover, all open-source models using TPR
surpass the novelty judgment macro-F; scores of
proprietary models in Table 1. This indicates that
even smaller models using TPR can outperform
prompting substantially larger LLMs.

Reasoning vs. Non-Reasoning Models TPR is ef-
fective for both reasoning and non-reasoning mod-
els, showing that think tokens encode useful infor-
mation about novelty judgments, whether gener-
ated automatically or via explicit instruction. Inter-
estingly, reasoning models exhibit slightly lower
TPR performance on average than non-reasoning
models. Fine-tuning reasoning models such as
Qwen3 provides modest gains, yet TPR still out-
performs FineTune, albeit with a smaller margin
than for non-reasoning models. Overall, the largest
gains appear when TPR is applied to non-reasoning
models with explicit "think step-by-step" instruc-
tions.

TPR vs. CoT Across all LLMs, TPR substan-
tially outperforms the CoT approach. While CoT
marginally benefits non-reasoning models, its ef-
fect on reasoning models is inconsistent, and its
overall performance lags behind both FineTune and
TPR. These results suggest that merely instructing
LLMs to reason is insufficient; explicitly probing
the hidden representations formed during the rea-
soning process is crucial for achieving high-quality
novelty judgments.

TPR Enables Balanced Predictions Across Nov-
elty Classes Table 2 reports class-wise F} scores
for different LLMs using our TPR approach, while
Table 1 shows the corresponding scores for propri-

etary LLMs under zero-shot prompting. Compared
to the prompting approach, TPR produces substan-
tially more balanced predictions across all novelty
classes. In particular, prompted proprietary LLMs
often avoid extreme novelty judgments (classes 1
and 5), whereas TPR enables models to recognize
both very low and very high research idea novel-
ties. The exception is the Qwen3 model family,
which rarely assigns class 1 even under TPR, indi-
cating a persistent tendency to avoid “no novelty”
judgments. Overall, these results show that TPR
not only improves macro-level F; performance but
also encourages more uniform coverage of the full
novelty spectrum, mitigating the middle-class nov-
elty judgment bias observed in Section 4.

"

Model Macro 1 2 3 4 5

s Gemma-3-4B 244 273 215 3511 2971 83
S Gemma-3-12B 21.8 77 163 341 350 157
f‘ Gemma-3-27B 25.2 182 198 289 335 254
S Llama-3.1-8B 23.4 143 260 36.0 31.2 9.5
Z. Llama-3.1-70B 20.6 77 279 339 24.1 9.5
. Qwen3-4B 20.0 0.0 244 312 282 16.1
% Qwen3-14B 21.2 00 27.1 335 374 7.8
~ Qwen3-32B 21.1 00 235 365 35.8 9.8
GPT-OSS-20B 22.8 100 241 357 34.1 10.0

Table 2: F} scores per novelty class using TPR with
different LLMs.

An additional evaluation of the textual justifica-
tions is provided in Appendix F.

6 Probing over Time

We investigate at which generation stages LLMs
encode the most salient information for research
idea novelty judgments when applying TPR. For
this analysis, we allow the models to generate their
full reasoning and response exactly as instructed
by the prompt in Figure 4, without inserting the
probing classifier’s prediction as an intermediate
control signal. This setup enables a clean exami-
nation of when novelty-related information natu-
rally emerges in the model’s representations. We
probe last-layer hidden states at multiple time steps



Thinking Phase Response Generation Phase

Model 13} tosw  tso% s tn AVE. | T1 Tosy  Tsow  Trs% T Avg
£ Gemma-3-4B 2274 1626 1547 16.86 24.38 19.14 | 2084 18.09 19.86 17.94 19.81 1931
2 Gemma-3-12B  22.34 22.12 17.60 21.12 21.74 2098 | 17.87 16.23 23.73 20.53 17.20 19.11
~ Gemma-3-27B 18.88 21.36 1842 21.51 2517 21.07 | 21.90 16.98 1548 19.83 1496 17.83
< Llama-3.1-8B  17.01 1990 19.77 1994 23.38 20.00 | 17.92 1947 1740 17.37 19.51 18.33
2 Llama-3.1-70B  21.11 19.12 20.16 1542 20.61 19.28 | 15.82 21.56 1849 20.78 16.50 18.63
= Qwen3-4B 19.06 19.23 20.51 21.37 1998 20.03 | 16.89 19.25 17.84 18.89 17.78 18.13
2 Qwen3-14B 19.05 16.76 19.65 16.76 21.17 18.68 | 2047 18.56 19.77 19.81 19.49 19.62
§ Qwen3-32B 17.51 1777 1976 2226 21.13 19.69 | 1932 19.30 20.20 22.01 20.07 20.18
& GPT-0SS-20B  22.65 17.02 19.00 15.85 2278 19.46 | 19.68 20.00 2224 1921 1843 1991

Table 3: Macro F) scores for research idea novelty judgments on the RINoBench test set obtained by probing
last-layer hidden states of various LLMs at different generation steps: when generating the first and last think
tokens (¢, t,), the first and last response tokens (71, r,,), and intermediate steps during both the thinking and
response generation phases (reported as percentages of token generation within each phase; e.g., t5qy denotes
probing halfway through the thinking phase, after 50% of think tokens have been generated).

during both the thinking and response generation
phases and report the results in Table 3.

Novelty Signals Peak at the End of the Think-
ing Phase Across nearly all models, probing at the
end of the thinking phase (t,) yields the strongest
or near-strongest novelty judgment performance.
This pattern holds consistently for both reasoning
and non-reasoning models, indicating that novelty-
related beliefs are most fully consolidated once
the model has completed its internal reasoning pro-
cess. In contrast, probing earlier thinking tokens
(e.g., togy or tspy) generally results in substan-
tially lower performance, suggesting that novelty
representations emerge progressively rather than
being present at the onset of reasoning.

Probing Is Robust Across Reasoning Lengths As
shown in Table 4, models vary widely in the num-
ber of tokens generated during the thinking phase,
from short sequences to long reasoning chains. De-
spite these differences, probing at ¢,, provides con-
sistently strong novelty signals. Importantly, there
is no clear correlation between the absolute length
of reasoning chains and probing performance: mod-
els with shorter or longer chains achieve compa-
rable F} scores at the final thinking token. This
indicates that the position within the reasoning se-
quence (final token) matters more than absolute
length for capturing novelty-related beliefs.
Response Generation Dilutes Novelty Represen-
tations While some models achieve local maxima
at intermediate response steps (€.g., 509 O T75% ),
probing during the response generation phase pro-
duces competitive but generally weaker results than
probing at ¢,,. This suggests that once the model
transitions to response generation, the representa-
tions become increasingly influenced by surface

# Think Tokens # Response Tokens

Model Min Max  Avg. | Min Max Avg

g Gemma-3-4B 380 1572 74198 | 21 128  80.69
2 Gemma-3-12B 233 1672 63121 | 44 105 69.25
~ Gemma-3-27B 206 804 431.64 | 48 107 71.81
& Llama-3.1-8B 17 4358 43533 | 21 152 67.79
2 Llama-3.1-70B 18 1034 313.76 | 23 120 57.23
= Qwen3-4B 312 2525 105551 | 45 193 125.74
2 Qwen3-14B 256 3076 674.28 | 53 142 9248
S Qwen3-32B 275 2127 633.75 | 65 155 106.49
®  GPT-0SS-20B 7 265 57.66 21 231 126.13

Table 4: Number of tokens generated by different LLMs
during research idea novelty prediction using our TPR
approach. Note, we use GPT-OSS-20B with reasoning
level “low”, resulting in a small number of think tokens.

realization and linguistic planning, diluting the un-
derlying novelty signal. This trend holds for both
reasoning and non-reasoning models. While some
models exhibit local peaks at intermediate response
steps, the final thinking token remains the most re-
liable and stable probing point overall.

Takeaway Novelty judgments are primarily formed
during the reasoning phase and are most reliably
captured toward their later stages.

7 Conclusion

We showed that LLMs are miscalibrated judges of
research idea novelty. Although their rationales
often align with human reasoning, their final judg-
ments are biased towards medium novelty. To miti-
gate this, we proposed TPR, a lightweight approach
that probes latent novelty judgments from hidden
states during reasoning and conditions the final
response on the probed judgment. Experiments
demonstrate that TPR improves novelty judgment
performance over strong baselines by 22.30% and
reduces the prevalent medium-novelty bias.



8 Limitations

Our experiments are conducted on RINoBench,
which focuses on machine learning research ideas
and may not fully reflect novelty judgments in other
scientific domains. In addition, TPR requires ac-
cess to model hidden states, limiting its direct ap-
plicability to closed-source LLMs. Finally, novelty
judgments are inherently subjective, and even ex-
pert annotations may reflect individual preferences
or incomplete knowledge of the literature.

9 Ethical Considerations

We emphasize that this work is intended for re-
search and educational purposes only. Users should
not use our models or approaches to make formal or
high-stakes judgments of research ideas, as novelty
judgments are inherently subjective and context-
dependent.

Our work is intended to advance Al-assisted
scientific discovery by enabling models to reason
about and explain novel contributions in research.
However, automated predictions of research idea
novelty should not replace human expert judgment.
Our approaches are intended as tools to support,
rather than replace human judgments of research
ideas.
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A About Probing LLMs During
Generation

Probing approaches quantify the extent to which
LLM representations encode specific knowledge.
While extensive research investigates internal
knowledge across diverse domains such as senti-
ment (Maas et al., 2011) and factual knowledge
(Marks and Tegmark, 2024), spatial and temporal
understanding (Gurnee and Tegmark, 2024), and
world models (Li et al., 2023), such existing studies
predominantly focus on layer-wise localization of
internal knowledge (He et al., 2024; Li et al., 2024b;
Juetal., 2024; Jin et al., 2025, inter alia). Work on
probing LLMs during different generation steps is
scarce and primarily addresses steering text gener-
ation (Valois et al., 2025; Zur et al., 2025; Klerings
et al., 2025, inter alia). Although some works in-
vestigate the encoded information in LLMs before
generating the first token (Gottesman and Geva,
2024; Afzal et al., 2025), they do not distinguish
between functional phases during generation. We
address this gap by providing the first compari-
son of LLM representations during the reasoning
(“thinking”) phase versus the response generation
phase via probing, demonstrating that LLMs en-
code more information about research idea novelty
judgments while thinking than when producing the
actual response.

B Evaluation Metrics

We briefly summarize the RINoBench evaluation
metrics, which we adopt in this work. For full
details, see Schopf and Firber (2026). The metrics
evaluate both numerical novelty scores and textual
justifications.
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Score Degree of Novelty

1 The idea is not novel. All aspects already exist
in prior work.
The idea is marginally novel. It represents only a
minor variation of existing work.
The idea is somewhat novel. Aspects already
3 exist in prior work. However, it might combine
known approaches in new ways, apply them to
new contexts, or propose incremental updates.
The idea is novel. It introduces new aspects not

4 present in existing work.
The idea is highly innovative and novel. It is
5 not present in existing work and potentially en-
courages new thinking or opens up new research
directions.

Table 5: Novelty Judgment Rubric

B.1 Novelty Score Metrics

We evaluate predicted novelty scores using macro-
Fy, class-wise F}, and MAE. Macro-F} measures
overall classification performance across the five
novelty categories, class-wise F} shows perfor-
mance for each individual score, and MAE mea-
sures the average distance between predicted and
human gold scores on the ordinal 1-5 scale.

B.2 Justification Metrics

For textual justifications, RINoBench distinguishes
between known aspects, which describe overlaps
with prior work, and novelty aspects, which de-
scribe new contributions of the research idea. Fol-
lowing RINoBench, these metrics are computed us-
ing an LLM-as-a-judge approach that compares
model-generated justifications against human gold-
standard justifications. In this work, we use the
GPT-0OSS-120B (OpenAl et al., 2025) model for
evaluation.

Alignment Alignment measures whether the
model-generated justification follows reasoning
consistent with the human gold justification and
supports a similar novelty judgment. Scores range
from O to 1, where higher is better: 1 indicates
strong agreement with the human rationale, while
0 indicates no alignment.

Recall Recall measures how many known-aspect
and novelty-aspect arguments from the human gold
justification are captured by the model-generated
justification. Scores range from 0 to 100, where
higher is better: 100 means all relevant gold argu-
ments are covered, while 0 means none are covered.
Additional Ratio Additional ratio measures how
many extra known-aspect and novelty-aspect argu-
ments the model adds beyond the gold justification,
while still being grounded in the related works or

research idea. Scores are non-negative percentages,
where 0% means no additional grounded arguments
are added and higher values indicate more extra
grounded content. This metric is not inherently
good or bad: moderate or high values can indicate
useful additional evidence, but very high values
may also reflect overly verbose justifications.

Hallucination Rate Hallucination rate measures
the proportion of generated known-aspect and
novelty-aspect arguments that are not supported
by the related works or research idea. Scores range
from 0% to 100%, where lower is better: 0% indi-
cates justifications that are fully grounded in the re-
search idea and related works, while higher values
indicate more unsupported or hallucinated content.

C LoRA Fine-tuning Details

For the FineTune approach in Section 5, we fine-
tune the base LLM using Low-Rank Adaptation
(LoRA; Hu et al., 2022). We apply LoRA to all ma-
jor projection layers in the transformer, including
the query, key, value, and output projections of the
attention mechanism, as well as the gate, up, and
down projections in the feed-forward network. We
use a rank of r = 16, a scaling factor o = 32, and
a LoRA dropout of 0.1. Training is performed for
two epochs using a per-device batch size of 1 and
gradient accumulation over 8§ steps, resulting in an
effective batch size of 8. We employ a learning
rate of 2 x 10~ with a short warmup of 20 steps.
To reduce memory consumption, gradient check-
pointing is enabled, and training is conducted in
bfloat16 precision.

D Experimental Details

All experiments were conducted on two NVIDIA
A100 (80GB) GPUs. The probing classifier was
implemented using scikit-learn (Pedregosa et al.,
2011). Hidden states were extracted using the Hug-
ging Face Transformers library (Wolf et al., 2020).

E On the Choice of Novelty Score Metrics

We use macro-F as the primary metric for evalu-
ating novelty score predictions, rather than MAE.
Although MAE is useful for measuring the aver-
age ordinal distance between predicted and gold
scores, it is less informative in our setting because
the novelty scale is small (1-5) and model predic-
tions are strongly concentrated around the middle
categories. As shown in Table 6, different models
and approaches obtain very similar MAE values,



typically around one. This makes MAE unsuitable
for evaluation in our setting.

Research Al

Model Zero-shot  Few-shot CoT  Moose Agent Scientist  Researcher

FineTune TPR

Gemma-3-4B 1.0 0.9 1.0 0.9 0.9 0.9 0.9
Gemma-3-12B 0.9 0.9 1.0 0.9 0.9 0.9
Gemma-3-27B 1.0 0.9 1.0 0.9 1.0 0.9
Llama-3.1-8B

Llama-3.1-70B

Non-Reas.
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Qwen3-14B
Qwen3-32B
GPT-05S-20B

tooo|lobon

1.0

1 L1

1. 1.1

1. 1.1

1. 1.1

Qwen3-4B 1. 1.1
1 1.0

1. 1.1

0. 1.1
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B

1.
1.
1

1.
0.

Reas.

P P

Table 6: MAE scores for different approaches and
LLMs on the RINoBench test set.

The limitation arises because a model that repeat-
edly predicts a middle score, such as 3, can achieve
a deceptively low MAE: many gold labels are only
one or two points away on a five-point Likert scale.
Conversely, a less biased model that also predicts
more extreme novelty categories may occasionally
incur larger absolute errors, even if it produces
more accurate novelty judgments overall. Opti-
mizing for MAE can therefore favor conservative
middle-ground predictions, precisely the behavior
we aim to mitigate.

Macro- F1 better reflects our evaluation objective.
It treats all novelty classes equally, regardless of
their frequency, and explicitly rewards models for
correctly predicting low, medium, and high novelty
judgments. This is crucial for evaluating whether
a model can correctly judge extreme novelty cat-
egories, such as “not novel” and “highly novel”,
rather than merely staying close to the center of the
scale. We therefore report MAE for completeness
in Table 6, but use macro-Fj and class-wise F}
as the main indicators of novelty judgment perfor-
mance.

F Justification Evaluation

Beyond novelty judgment performance, we also
evaluate the quality of textual justifications gener-
ated by open-source LLMs using TPR, with the
results shown in Table 7.

ALI Recall Add. Ratio Hall. Rate

Model KA NA KA NA KA NA

4 Gemma-3-4B 025 394 357 408 519 388 442
&  Gemma-3-12B 039 582 504 56.7 724 8.6 6.8
‘é Gemma-3-27B 042 624 572 60.9 80.5 6.5 2.0
S Llama-3.1-8B 036 52.0 453 400 74.1 126 105
Z  Llama-3.1-70B 030 51.0 50.0 35.1 556 120 11.1
. Qwen3-4B 043 619 615 789 1083 7.8 2.6
& Qwen3-14B 043 63.6 688 1054 1372 9.2 54
& Qwen3-32B 054 679 590 945 98.7 8.0 1.1
GPT-OSS-20B  0.52 666 63.6 884 948 106 2.8

Table 7: Evaluation of textual justifications generated
by different LLMs using TPR.

Alignment The alignment scores of open-source

models using TPR are comparable to those of sub-
stantially larger proprietary LLMs in Table 1. In
particular, the strongest reasoning-capable models
achieve ALI values around 0.5, close to the range
observed for Claude and GPT models under zero-
shot prompting. This indicates that TPR does not
merely improve numerical novelty prediction, but
also enables open-source models to generate justi-
fications whose reasoning remains broadly aligned
with human gold-standard rationales.

Recall Similarly to propriety LLMs, smaller
open-source models exhibit relatively high re-
call, indicating substantial overlap between model-
generated and human-annotated justification argu-
ments. Comparing the results to the ones in Table 1,
recall in open-source models is slightly lower than
in the top-performing OpenAl models but remains
competitive with Gemini Pro models.

Additional Ratio The Additional Ratio is generally
higher for reasoning-capable models than for non-
reasoning models, indicating that reasoning mod-
els produce more elaborate justifications. While
proprietary OpenAl LLMs exhibit even higher ad-
ditional ratios, the best-performing Qwen3 mod-
els remain competitive with Gemini Pro models,
highlighting that TPR enables smaller open-source
models to generate rich novelty judgment justifica-
tions.

Hallucination Rate Reasoning models show low
hallucination rates similar to proprietary mod-
els, whereas non-reasoning models, particularly
Gemma-3-4B, display higher hallucination rates
when attempting to justify novelty judgments. This
suggests that TPR is most effective in producing
grounded justifications when paired with reasoning
LLM:s.

Takeaway Overall, TPR allows open-source LLMs
to generate high-quality, human-aligned novelty
justifications, similar to what is achievable with
large proprietary models. However, performance
depends strongly on the model: reasoning-capable
LLMs consistently produce more accurate, elabo-
rate, and reliable justifications, whereas smaller
non-reasoning LLMs may struggle to generate ap-
propriate novelty judgment justifications.



Gold Predicted . . . .
Novelty  Novelty Gold Justification LLM-generated Justification
The idea of The proposed idea combines fundamental
1 31 and the solutions [...] represents a somewhat novel
proposed contribution is incremental, offering synthesis, but
no new aspects beyond existing approaches.
The approach adds [...] The research idea proposes [...] meaningful
2 41 rather than novelty [...], though
fundamentally new concepts, resulting in only Y Lol g [.]
marginal novelty.
The approach prlmarlly . The research idea
3 3V [...], resulting in a [..] adds ]
contribution. TR
The approach is [...] extending diffusion [...] introduces a by jointly
4 4y models beyond the usual focus on learning only  parameterizing both forward and reverse
the reverse process. [...] diffusion processes [...]
[...] [...]
The idea is highly novel because it uncovers a [...]
5 4]

(]

[...] builds incrementally on
existing calibration and ensemble concepts.

Table 8: Selected comparison of gold novelty judgments and LLM(Claude Opus 4.5)-generated novelty judgments.

denotes alignment of model and gold justifications. Red highlights miscalibration, where the model’s novelty
judgment diverges from the gold judgment despite exhibiting a rationale aligned with the gold justification. Symbols
indicate novelty overestimation (), correct prediction (v"), and underestimation ({.).



Zero-shot Research Idea Novelty Judgment Prompts

system prompt = "You are an expert researcher experienced in judging the
novelty of a research idea.”

user prompt = f"""
You are an expert in machine learning research evaluation. You will be
given two inputs:

1. A research idea with objective, problem statement, and solution
approach.
2. A list of related works, each with a title and abstract.

Your task is to **assess the novelty of the research idea** compared to
the related works.

### Instructions:
- Analyze the research idea and summarize its key contributions.
- Compare it with the related works to identify overlaps and differences.
- Specifically, assess whether the idea introduces x*significant new
aspects** not present in existing work, or if it is largely a variation on

known approaches.
- Provide your output as a **JSON object only*x, with:

- "reasoning”: a short paragraph (2-4 sentences) explaining the

reasoning behind the novelty score.
- "novelty_score”: an integer between 1-5 where: {novelty_rubric}

### Inputs:

*xResearch Idea:*x*
{research_idea}

*xRelated Works:x*
{related_works}

### Output Format:

json

{{
"reasoning”: <short explanation>,
"novelty_score”: <1|2]|3|4|5>

13}

nnn

Figure 3: Prompts for the zero-shot approach to judging the novelty of research ideas. Here, an LLM receives a
research idea, its related works, and the RINoBench novelty rubric, and is asked to generate both a numerical novelty
score and a textual justification.



TPR Instruction

system prompt = "You are ReviewerGPT, an intelligent assistant that helps
researchers evaluate the novelty of their ideas.”

user prompt = f""”"
You are given some papers similar to the proposed idea (<IDEA> and </IDEA
>). Your task is to evaluate the idea's novelty using the related papers
(<PAPER> and </PAPER>) only.

### Novelty types:
{novelty_class_descriptions}

### Instructions:

- Use the example review below to write a review for the provided idea by
comparing it to the related papers.

- Don't assume any prior knowledge about the idea.

- Make sure the generated review follows the format in example review
provided below.

- The review should be concise - around 60 to 100 words.

### Research Idea:
{research_idea}

### Related Papers:
{related_papers}

### Example Review:
{example_review}

### Output Format:
<REVIEW> concise review </REVIEW>

Think step by step before generating the review!

nnn

Figure 4: Instruction used for our TPR approach as introduced in Section 5. The instruction to reason step by step is
included only for models that do not generate think tokens by default and is omitted otherwise.
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