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Scientific breakthroughs often emerge from synthesizing prior ideas into novel contributions. While
language models (LMs) show promise in scientific discovery, their ability to perform this targeted,
literature-grounded synthesis remains underexplored. We introduce insight anticipation, a generation
task in which a model predicts a downstream paper’s core insight from its foundational parent papers.
To evaluate this capability, we develop GIANTSBENCH, a benchmark of 17k examples across eight
scientific domains, where each example consists of a set of parent papers paired with the core insight of
a downstream paper. We evaluate models using an LM judge that scores similarity between generated
and ground-truth insights, and show that these similarity scores correlate with expert human ratings.
Finally, we present GIANTS-4B, an LM trained via reinforcement learning (RL) to optimize insight
anticipation using these similarity scores as a proxy reward. Despite its smaller open-source architecture,
GIANTS-4B outperforms proprietary baselines and generalizes to unseen domains, achieving a 34%
relative improvement in similarity score over gemini-3-pro. Human evaluations further show that
GIANTS-4B produces insights that are more conceptually clear than those of the base model. In addition,
SciJudge-30B, a third-party model trained to compare research abstracts by likely citation impact, predicts
that insights generated by GTANTS-4B are more likely to lead to higher citations, preferring them over
the base model in 68% of pairwise comparisons. We release our code, benchmark, and model to support
future research in automated scientific discovery.

”

“If I have seen further [than others], it is by standing on the shoulders of giants.
— Isaac Newton

1. Introduction

Language Models (LMs) are becoming useful tools for scientific discovery [7]. Recent work has shown
promising results, from virtual LM teams designing SARS-CoV-2 nanobody binders [23] to models
proposing NLP research directions that human experts judge to be novel [16]. However, many of these
successes rely heavily on prompting frontier models pre-trained on massive text corpora. In contrast,
human researchers often achieve breakthroughs through a far more data-efficient process: synthesizing
profound insights from a small set of prior works. Existing LMs still struggle to reliably generate hypotheses
or insights of true impact and value [17], often due to the lack of diversity and feasibility [25].

To bridge this gap, we propose the task of insight anticipation: given a small set of prior papers, can
a model reconstruct the core insight of a downstream paper that builds on them? Unlike open-ended
research ideation, this setting evaluates targeted synthesis grounded in specific scientific literature. This
framing is motivated by the classical view of scientific progress as ‘standing on the shoulders of giants,’
where new contributions emerge by building upon prior foundations. Under this view, the challenge of
automated discovery decomposes into two subproblems: (1) parent selection, which involves identifying
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Figure 1: Overview of GianTsBENcH and GIANTS-4B. (top) For dataset construction, we use an LM as a research analyst
to process each paper PDF to identify two parent papers whose ideas are synergistically combined to produce the paper’s key
insight, which is extracted as the ground-truth target y*. A second LM summarizes each parent paper. (bottom) Given the
two parent summaries, the model generates candidate insights, which an LM judge scores by similarity to y* on a 1-10 scale.
These scores serve as a proxy reward for RL training, teaching the model to anticipate insights that more closely match real
downstream papers.

the relevant prior works to build upon, and (2) insight generation, which involves synthesizing those
works into a novel hypothesis.

In this work, we focus exclusively on the second problem. We assume that the parent papers are provided
by an oracle literature selection criterion and ask a more targeted feasibility question: if the relevant
lineage of prior work is known, can a model effectively predict the next conceptual leap? This controlled
setup isolates the synthesis of research insights from the retrieval of prior work and allows us to directly
test whether meaningful literature-grounded insight generation is possible at all. Framed this way, insight
anticipation is not only a prediction task but also a potential training signal for scientific reasoning:
learning to anticipate the downstream insights implied by a lineage of parent works may help models
internalize patterns of progression, combination, and abstraction that underlie strong human insight
synthesis.

To evaluate insight anticipation models, we develop GIANTSBENCH, a large-scale benchmark for testing
the ability of models to synthesize two prior papers and derive the core insight of a downstream paper
that builds on them (Figure 1, top). In contrast to a recent benchmark that evaluates whether models
can answer literature synthesis questions by identifying relevant papers and generating long-form
responses with citations [2], GIANTSBENCH assesses whether a model can combine two parent papers
synergistically to derive insights that lead to a subsequent paper. GIANTSBENCH contains 17k examples
drawn from Computer Science, Economics, Electrical Engineering, Mathematics, Physics, Quantitative
Biology, Quantitative Finance, and Statistics. Each example consists of two parent-paper summaries
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paired with the core insight of a downstream paper, where the insight is a concise description of the
paper’s primary contribution automatically constructed by an LM from the downstream paper PDF. We also
introduce an automatic evaluation method that uses an LM judge to give a similarity score comparing
the model-generated insight to the ground-truth insight. Expert evaluation shows that these LM-judge
scores are positively correlated with human ratings (Spearman’s p = 0.761, p < 0.001).

We then introduce GTANTS-4B, a 4B-parameter language model trained via reinforcement learning (RL)
to generate the core insight of a downstream paper from its parent papers. By fine-tuning with GRPO [15]
to maximize the similarity scores on the research insights, the model learns to reason about connections
between the input papers and generate insights that are more similar to those from real downstream
papers (Figure 1, bottom). This approach outperforms simply distilling the expert insight (even with
reasoning traces).

We evaluate both proprietary and open LMs, including gemini-2.5-pro, gemini-3-pro, Qwen3-4B,
on GIANTSBENCH. Qwen3-4B performs similarly to gemini-2.5-pro and gemini-3-pro, despite be-
ing a smaller open model. Moreover, the similar performance of gemini-2.5-pro and gemini-3-pro
suggests that frontier LMs are not simply getting better at insight anticipation via scaling. In contrast, our
GIANTS-4B outperforms these baselines and generalizes zero-shot to unseen domains, achieving a 34%
improvement in similarity score over gemini-3-pro. GIANTS-4B also produces insights that human
evaluators judge to be more conceptually clear than those of the base model. In addition, SciJudge-
30B [24], a third-party judge trained to compare research abstracts by likely citation impact, prefers
GIANTS-4B over the base model in 68% of pairwise comparisons.

We summarize our main contributions as follows:

* Insight anticipation. We introduce a new literature-grounded generation task that isolates the
synthesis phase of scientific discovery by asking models to predict a downstream paper’s core insight
from its parent papers.

* GIANTsSBENCH and evaluation metric. We construct a benchmark of 17k tuples of parent and
downstream papers from arXiv across eight domains, together with an LM-based auto-evaluator for
measuring the similarity between generated and ground-truth insights.

* GIANTS-4B. We train a model for insight anticipation via RL using similarity-based rewards and
show that it outperforms a range of proprietary and open LMs such as gemini-3-pro, improves
conceptual clarity of insights, and generalizes zero-shot to unseen domains.

2. Defining and Instantiating a Benchmark for Insight Anticipation

Task Definition. We define an insight as a concise, natural language description of a paper’s primary
methodological or empirical advance. Building on this, we introduce the task of insight anticipation: given
an input context comprising the content of two parent papers, x = (x4, zp), the goal is to generate the key
insight of a downstream paper that builds on both parent papers (A and B). We denote this downstream
insight as the ground-truth insight, y*, which emerges from the synthesis of the two foundational papers.
While y* is just one of many possible subsequent ideas, it serves as a measurable proxy for the next
conceptual leap. This setup allows us to probe a model’s ability to reason about the joint influence of A and
B, challenging it to generate a research insight, ¢, that is semantically similar to y*. Figure 10 shows the
insight generation prompt used for training and evaluation of all models. To manage context constraints
during training and inference, we intentionally restrict the context to two parent papers, establishing a
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conservative lower bound on the broader problem. Furthermore, we bypass parent discovery to focus
entirely on whether meaningful insight synthesis is possible given fixed inputs.

Dataset Construction. We create a dataset {((za,zp)i,y})}, as follows. We collect 17,839 papers
from arXiv that are published between May 23rd, 2007, and January 23rd, 2026, according to their
latest update date on arXiv. Since arXiv is not peer reviewed, the raw corpus may contain noisy or
non-substantive documents. To mitigate this, we retain only papers with at least two citations.” We
download these papers as a PDF. For each paper, we prompt gemini-2.5-flash to identify two prior
papers that this paper explicitly cites and builds upon by combining their ideas in a synergistic way.
We also ask gemini-2.5-flash to explain the synergy (see the full prompt in Figure 11). We then
download the two parent papers as a PDF and use their content as input context z. Ideally, we would
like to take the full paper content as input to the model and ask it to generate a downstream insight.
However, given the context-length limitations of existing LMs as well as the high inference cost, we
instead opt to prompt gemini-2.5-flash to summarize the paper. We then use paper summaries as
the input. We use the following prompt to summarize each paper into key insights and contributions:
“Summarize the document, clearly describing the method used and highlighting the key insights or findings.
Provide sufficient detail so that the approach and main contributions are fully understood.” For y*, we use
the synergy explanation that is part of the output to the parent-identification prompt in Figure 11. We
cannot use the raw explanation directly as the target because it refers to a future downstream paper
and talks about the insight in the context of the two parent papers. Instead, we would like the model
to generate a standalone insight statement directly from the two parent papers alone. Therefore, we
prompt gemini-3-pro to rewrite the insight and explanation without reference to the downstream
paper (see prompt in Appendix C.4). After constructing all (z,y*) pairs, for each unique pair of parent
papers x = (z 4, zp), we keep the insight y* from the most cited downstream paper in order to prioritize
generating more impactful insights.

Temporal Hold-Out Evaluation. To assess general-
ization, we conduct all evaluations on a future held-out
test set consisting of downstream papers published after
the training cutoff date. We split the dataset by the pub-
lication date of the downstream paper in each (x,y*)
pair. Papers published before July 1st, 2023 are used
for training. To study the ability of models to generalize
to new domains, we further restrict the training set to
papers tagged with c¢s.CL (Computation and Language), 2 4 6 & 10
yielding N = 10,335 training examples. For evaluation, LM similarity score
we consider papers published after July 1, 2023 and ] . L. o

. Figure 2: LM judgements of insight similarity cor-
randomly sample up to 600 papers from each domain relate with human judgements. We ask both human

(see the category taxonomy in Appendix A), resulting  nnotators and the LM judge (gemini-3-pro) to score
in a test set of 7,504 papers. Although we deduplicate  the similarity between a model-generated insight and a

the dataset by parent pair, some test examples may still ~ ground-truth dOWT}S_trelam inSilghtdon 'ah1—10 Scaf- The

Share at most one parel‘lt paper Wlth a tralning exam- LMS scores are positively corre ated wit average numan
. . ratings (Spearman p = 0.761, p < 0.001, n = 60).

ple. To address this, we also report results on a stricter

—
o

1 p=0.76

& o oo
s s s
.

. .

N
L

Human avg. similarity score

'We use citation counts from Semantic Scholar as a proxy for paper quality.



GIANTS: Generative Insight Anticipation from Scientific Literature

subset of the test set, Test-unseen-parents (N = 5,294), which excludes any test example that shares a
parent with the training set.

Evaluation Metric. For each generation, we prompt an LM judge to give a similarity score ranging
from 1 to 10 (higher is better) comparing the model-generated insight ¢ to the ground-truth insight
y* (see Figure 12 for the prompt). We use gemini-3-pro as the primary judge model. To assess the
reliability of the LM-based evaluation, we conduct a human evaluation study on 30 pairs of insights
generated by Qwen3-4B and GIANTS-4B (n = 60). Two human annotators, who are PhD students in
Computer Science, independently rate the similarity between model-generated insights and ground-truth
insights using the same rating scale as the LM judge. The LM’s scores show a statistically significant
positive correlation with the average scores across human annotators (Figure 2). In particular, we observe
a Spearman rank correlation of p = 0.761 (p < 0.001). More details can be found in Appendix

Conceptual View. Conceptually, this framework can be viewed as an auto-encoding task [3] over the
citation graph. A target paper is passed through a highly lossy channel, the summaries of its two
parent papers, from which the model must successfully reconstruct the original paper’s core insight. By
linearizing the citation graph into input-target pairs, we challenge the model to recreate the conceptual
leap required to bridge adjacent nodes.

Takeaways of Insight Anticipation Instantiation

We introduce the insight anticipation task, which challenges models to generate a future research
insight by synthesizing the summaries of two parent papers. To evaluate this, we construct a
dataset of over 17k examples from arXiv with LM-extracted ground truths, using a temporal and
cross-domain hold-out split and a human-validated LM judge for scoring.

3. Training an Insight Anticipation Model

We explore two training paradigms for insight anticipation: (1) distillation via supervised fine-tuning
(SFT), leveraging ground-truth insights and rationalization from target downstream papers, and (2)
reinforcement learning (RL) via similarity optimization. Across all experiments, we use Qwen3-4B as
the base model. Next, we will detail the specific formulations of these training methodologies.

3.1. Ground Truth Insight Distillation via Supervised Fine-Tuning (SFT)

Our first approach is to fine-tune the base model to generate a downstream paper’s core insight from the
summaries of its two parent papers. We investigate two distinct SFT strategies to achieve this. In our
standard SFT approach, the model is directly fine-tuned to map the input context (summaries of parent
papers), z, to the target ground-truth insight, y* (from the downstream paper). This process optimizes
the standard cross-entropy loss for autoregressive LMs over the paired examples (z, y*).

To bridge the logical gap between the source papers and the final insight, we also evaluate an SFT
strategy enhanced with chain-of-thought reasoning [28], which we denote as SFT-think. In this setup,
we introduce an intermediate synthetic rationalization step, z. To generate a supervision target, we
prompt a high-capacity teacher model (gemini-3-pro) to generate a detailed chain-of-thought that
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logically deduces the ground-truth insight conditioned on the parent paper summaries (as detailed in
Section 2). The base model is then trained on augmented tuples (x, z, y*), learning to sequentially predict
the rationale followed by the final insight. This approach explicitly encourages the model to internalize
the step-by-step inferential process rather than merely memorizing the final output mapping. This follows
distillation approaches in reasoning as seen in works such as OpenThoughts [©6] and s1 [11].

3.2. Reinforcement Learning for Insight Anticipation via Similarity Optimization

So far, we have explored distilling insights via supervised fine-tuning (SFT). However, in complex tasks
such as scientific discovery, the downstream paper’s insights can be difficult to clone directly. This difficulty
often arises when the downstream insight has low likelihood under the policy, or when the model lacks
the capacity to adequately capture the distribution of the parent insight. Therefore, we explore an
alternative approach: using semantic similarity to the downstream paper’s insights y* as a proxy reward.
Formally, given a ground-truth insight from the downstream paper y*, we define the proxy reward for a
predicted insight ¢ as:

Tsim(g) = similarity(g), y*) (1)

where similarity measures the semantic equivalence between the generated insight and downstream
paper’s insight measured using an LM-as-a-Judge [5], matching the evaluation criterion in Section
This proxy reward is then optimized via RL to recover the behavior of the ground-truth insight of the
downstream paper conditioned on the two prespecified parent papers.

We optimize this reward using Group Relative Policy Optimization (GRPO) [15]. In particular, for each
input context =, we sample a group of G = 8 candidate insights from the current policy. An LM judge
evaluates these candidates, and GRPO updates the policy relative to the sampled group (illustrated in
Figure 1, bottom). GRPO is well-suited for this setup because it avoids the need to train and maintain a
separate, memory-intensive value function model (see implementation details in Appendix D).

Crucially, to mitigate the risk of reward hacking and ensure a rigorous evaluation, we enforce a strict
separation between the training and testing judges. We use gemini-2.5-flash as the active reward
model during GRPO training, while reserving the independent gemini-3-pro model exclusively for the
final evaluation phase. This decoupling guarantees a more objective, unbiased assessment of the model’s
true generalization capabilities. We additionally evaluate with other LM judges (e.g., Qwen3-14B) to
showcase robustness across model families.

Takeaways of Training an Insight Anticipation Model

We optimize our insight anticipation model using reinforcement learning to maximize semantic
similarity to downstream ground-truth insights. We strictly separate the LM judges used for
training and final evaluation to mitigate the risk of reward hacking.

4. Experimental Evaluation on GIANTSBENCH

Our experimental evaluation studies whether GIANTS-4B improves insight anticipation on GIANTS-
BENCH. We compare GIANTS-4B against proprietary and open-weight language models, as well as
supervised fine-tuning baselines built from the same base model. Unless otherwise noted, we evaluate all
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Qwen-based models (Base, SFT, SFT-think, and GIANTS-4B) using the recommended Qwen thinking-
mode decoding settings: temperature = 0.6, top-p = 0.95, top-k = 20, and min-p = 0. For the
Gemini baselines, we use temperature = (0. We report results on both the full test set and the stricter
Test-unseen-parents subset, which excludes any test example that shares a parent paper with the
training set. Unless otherwise noted, our primary evaluation uses gemini-3-pro as the LM judge, and
we additionally evaluate with other LM judges (e.g., Qwen3-14B, gemini-2.5-pro) to test whether
model rankings are robust across judges.

Through these experiments, we address three questions: (1) how well current frontier and open-source
language models perform on insight anticipation, (2) whether directly optimizing for insight similarity
using RL (GIANTS-4B) improves insight anticipation, and (3) whether a model trained on one domain
transfers to unseen domains.

Mathematics Mathematics
Quant. Finance Theory Quant. Finance Theory
8 8
ML/AI 7 Vision ML/AI Vision
6
Systems 5 Language Systems Language
W
¥
Society Economics Society t 5 Economics
\3\ ,76?!
\\!{‘ ///,"/
Physics CS-Other Physics \ / CS-Other
Robotics Quant. Biology Robotics Quant. Biology
EE & Sys. Sci. Statistics EE & Sys. Sci. Statistics
HCI HCI
------ Base -—--- SFT SFT-think ——— gemini-2.5-pro ---- gemini-3-pro-preview —— GIANTS-4B

Figure 3: Similarity scores on GianTsBENcH (higher is better). GIANTS-4B consistently achieves the highest similarity
scores across domains. (left) scores from our primary evaluation judge gemini-3-pro. (right) scores from Qwen3-14B.
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to new domains and distribution of parent papers, as judged by gemini-3-pro (left) and Qwen3-14B (right).
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1) Insight anticipation is a challenging task even for large proprietary models. Despite their success
across diverse NLP benchmarks, current frontier models exhibit significant limitations in literature-
grounded synthesis. As shown in Figure 3, the base open model, Qwen3-4B, achieves an average
similarity score of only 4.75 (see raw statistics corresponding to Figure 3 in Appendix B). Based on our
LM-based evaluation rubric (Figure 12), a score in this range indicates that while generated insights
may align topically with the ground-truth insights, they fail to capture the core scientific contribution
or technical nuance. Notably, significantly larger proprietary models, including gemini-2.5-pro and
gemini-3-pro, perform similarly to the smaller Qwen3-4B baseline. This finding suggests that literature-
grounded synthesis capabilities do not scale linearly with model size alone, reinforcing the necessity for
specialized training paradigms like GIANTS-4B.

2) Directly optimizing similarity scores substantially

improves insight anticipation. GIANTS-4B achieves the —o— Base SciThinker-48 (both)
highest performance among all evaluated methods. Figure —#— gemini-2.5-pro —¢— GIANTS-48
—#— SciThinker-4B (single)
shows that, on the full future held-out test set, GTANTS-4B
consistently outperforms the base model, both supervised 8

baselines, and the proprietary baselines under two differ-
ent judge LMs. Relative to gemini-3-pro, GIANTS-4B
achieves a 35% improvement in similarity score on the full
test set. Figure 4 shows that this advantage persists on
the stricter Test-unseen-parents split, where GIANTS-4B
achieves a 34% improvement over gemini-3-pro (see raw
statistics corresponding to Figure 3 and Figure 4 in Ap- | /‘/;_/4
pendix B). In contrast, standard SFT and SFT-think both N

improve slightly over the base model. These results suggest 1 2 4 8 16
that standard imitation learning provides a modest benefit k (number of samples)

for this synthesis task; however, RL with a similarity-based )

reward effectively aligns the model’s capabilities with target ~ Figure 5: GIANTS-4B remains strongest under
human insights. This performance trend remains robust as t;?;g?;ﬁi;gi’A&T&%‘iﬁ?&ﬁ;ﬁiﬁ? gftr_
we increase the number of samples to optimize the similarity  performs the base model, gemini-2.5-pro, and
score via inference-time scaling, as illustrated in Figure 5.  SciThinker-4B [24], which is a scientific-ideation
Since best-of-k evaluation requires scoring many samples ~ model trained using a citation-preference reward
per example, we conduct the inference-time scaling evalua- model. Error bars show 95% confidence intervals.
tion in Figure 5 on a subset of 480 examples sampled from GIANTSBENCH, using gemini-3-flash as
the LM judge for cost considerations. We use temperature = 0.6 for all models in this evaluation.

w [o)] ~

Best@k (similarity score)
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In Figure 5, we additionally compare against SciThinker-4B [24], a related scientific-ideation model
rather than a direct same-task baseline. In the original setting of Tong et al. [24], SciThinker takes as
input a single seed paper’s title and abstract and outputs a follow-up research idea. Its training objective
is to generate ideas with high potential impact under a citation-preference reward model. By contrast,
our task requires synthesizing two parent papers to generate the core insight of a downstream paper. To
test whether this kind of general scientific ideation training transfers to insight anticipation, we evaluate
two variants: SciThinker-4B (single), which is given one parent paper, and SciThinker-4B (both), which
is given both parent papers. Figure 5 shows that using both parents improves SciThinker-4B, but it still
remains well below GTANTS-4B across all k. This suggests that general scientific ideation training may
not transfer well to insight anticipation, and that strong performance on our task requires training aligned
with literature-grounded multi-paper synthesis rather than open-ended follow-up ideation.
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preferences using SciJudge-30B [24], a third-party judge trained to compare research abstracts by likely citation impact. This
provides complementary evidence that optimizing for insight anticipation also improves performance under an independent,
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the ground-truth insight. Error bars show standard errors. conceptual clarity. Error bars show 95% confidence intervals.

To further validate these gains, we also evaluate generations using SciJudge-30B, a third-party model
from Tong et al. [24] trained to compare research abstracts by likely citation impact. Under this external
preference signal, GIANTS-4B achieves a 68% overall win rate against the base model (Figure 6), with
variation across domains. While this metric is only a proxy for research impact, it provides complementary
evidence that optimizing for similarity produces outputs that are also preferred by an independent quality-
oriented judge. To reduce order effects, we evaluate each pair twice with reversed presentation order
and filter inconsistent judgments.

We supplemented these automated evaluations with two independent preliminary human studies. First,
we ask two human annotators to rate the similarity between model-generated insights and their corre-
sponding ground-truth insights for 30 head-to-head pairs from the base model and GIANTS-4B, using
the same rating scale as the LM judge (Figure 12). We then compare the win rate of GTANTS-4B against
the base model in terms of alignment with the ground-truth insight (Figure 7). In this comparison,
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GIANTS-4B achieves a 71.4% win rate under the LM judge (gemini-3-pro) and an 89.7% win rate
under human evaluation. Second, we assess the feasibility of generated insights along two axes: algo-
rithmic complexity and conceptual clarity. Figure & shows that while GTANTS-4B produces insights of
similar algorithmic complexity to the base model, it significantly improves conceptual clarity, making
the generated ideas more interpretable and actionable. Further details regarding the human study
methodology are provided in Appendix

3) GIANTS-4B zero-shot generalizes to new domains and distribution of parent papers.

Crucially, the synthesis capabilities acquired by GIANTS-4B are not restricted to its training data. Although
trained exclusively on papers from the Language domain (CS.CL), Figure 3 shows consistent gains across
all evaluated domains. Moreover, these evaluations are conducted on papers published after the training
cutoff, so the gains reflect performance on temporally held-out downstream literature rather than
memorization of the training set. This suggests that the model learns a generalizable mechanism for
combining disparate ideas rather than memorizing domain-specific heuristics. In addition, Figure 4 shows
model performance on a subset of test examples whose parent papers are entirely unseen during training.
GIANTS-4B remains the top-performing method on this subset, suggesting that its gains are not driven
by partial overlap in parent-paper lineage.

Evaluation reliability check. To ensure our findings are robust and that similarity scores are not biased
toward the specific LM judge that was used during training, we conducted a cross-model validation
using an independent LM judge, Qwen3-14B (Figure 3, right). This secondary evaluation corroborated
our primary findings, ranking GIANTS-4B as the top-performing model across all metrics, albeit with
a slightly more compressed performance margin. We also report results under three additional judge
models in Appendix I, with consistent findings across model sizes.

Qualitative Comparison of Models. We present qualitative examples to demonstrate that our generated
insights meaningfully integrate concepts from prior literature. We use NeurIPS 2025 award-winning
papers as representative high-quality parent papers and compare the insights produced by GIANTS-4B
against those generated by the base model given these parent papers.

The first example (Figure 9, left) shows insights derived from Wang et al. [26] and Liu et al. [10].
While the base model merely summarizes the parent papers without synthesizing a novel perspective,
GIANTS-4B proposes a concrete mechanistic connection between the two studies. The second example
(Figure 9, right) shows insights based on Yue et al. [30] and Qiu et al. [13]. In this example, the
base model generates an overly ambitious claim, suggesting that gating mechanisms expand reasoning
boundaries in ways that RLVR cannot, which is unsupported by the source texts. In contrast, GTANTS-4B
remains grounded in the actual findings while still identifying a non-trivial connection: that attention
gating may dictate how effectively reinforcement learning concentrates probability mass across useful
reasoning trajectories. This comparison underscores a critical distinction between boldness and genuine
insightfulness. While the base model’s novelty relies on unsupported extrapolation, GTANTS-4B maintains
a narrower scope to identify a highly plausible interaction between the foundational works.

These qualitative examples are consistent with the quantitative results and human evaluations. GIANTS-4B
more often produces insights that connect the parent papers in a concrete, interpretable, and grounded
way, rather than simply restating their contents or making broader but weakly supported claims.
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Example 1

Paper 1:

Scaling network depth up to 1024 layers in contrastive reinforcement learning yields 2-50x
performance gains and emergent complex behaviors across locomotion and manipulation tasks.

Paper 2:

Representation superposition, where models encode more features than their hidden
dimensions, mechanistically explains neural scaling laws in LLMs, with strong superposition
producing robust inverse-dimension loss scaling regardless of data distribution.

Base

The depth scaling in self-supervised reinforcement learning
(Paper 1) and the model size scaling in large language
models (Paper 2) both rely on a shared principle of
**representation superposition**, but their mechanisms
diverge based on the nature of the environment. In Paper 1,
deeper networks enable **richer contrastive
representations** that capture complex environmental
topologies (e.g., maze layouts), which aligns with the
"strong superposition" regime in Paper 2, where
overlapping representations in LLMs allow robust power-
law scaling of loss with model size. However, Paper 1’s
depth scaling achieves this through **synergistic
exploration and expressivity**, whereas Paper 2’s strong
superposition depends on **geometric overlaps** between
representation vectors. This suggests that in RL, depth
scaling enhances the agent’s ability to explore and
generalize through **targeted representational capacity
allocation**, while in LLMs, strong superposition leverages
**heterogeneous representation vectors** to handle
diverse data. The critical distinction lies in how these
scaling strategies interact with the environment’s structure:
depth in RL unlocks emergent behaviors via **partial
experience stitching**, while LLMs’ superposition ensures
**robustness across varied data distributions**. Together,
this implies that **scaling strategies in different modalities
(RL vs. LLMs)** can be unified under the concept of
**representation superposition**, but their effectiveness
hinges on the specific interplay between model capacity,
environmental complexity, and the underlying
representation mechanisms.

Deep neural networks learn rich
representations and predict promising
actions from high-dimensional inputs...
By synthesizing the *representation
superposition* mechanism from Paper 2
(LLMs) with the *depth-driven scaling*
from Paper 1 (self-supervised RL), we
uncover a novel hypothesis: deep,
residual-structured networks in goal-
conditioned RL could *explicitly encode
geometrically rich, superposed state-
action-goal embeddings* that align with
the *power-law loss scaling* observed
in LLMs. This would mean that increasing
network depth in Paper 1’s CRL
framework not only enhances policy

pressivity but also * ically
improves the model’s ability to generalize
across unseen trajectories” by leveraging
the *representation redundancy* and
*interference patterns* inherent to
superposition. The key implication is that
the *contrastive alignment* of
embeddings in Paper 1’s InfoNCE
objective could be interpreted as a
*formalization of superposition*, where
deeper networks better “stitch” partial
experiences into a coherent, high-capacity
latent space, mirroring the scaling laws of
LLMs.

Paper 1:

Example 2

RLVR training improves how efficiently LLMs sample correct answers but doesn't expand their
underlying reasoning capabilities beyond what the base model already knows, as shown by base
models outperforming RLVR models at high pass@k.

Paper 2:

Adding a head-specific sigmoid gate after the scaled dot-product attention output boosts LLM
performance, training stability, and long-context extrapolation by introducing beneficial non-
linearity and input-dependent sparsity that mitigates attention sinks.

Base

The integration of gating mechanisms (as
shown in Paper 2) with the base model's
attention dynamics can enhance its
reasoning capacity in ways that RLVR
(Paper 1) does not achieve. While RLVR
primarily sharpens the base model's prior
distribution toward high-reward paths
without introducing new reasoning
patterns, the head-specific sigmoid gate
applied after SDPA output (G1) in Paper 2
introduces input-dependent sparsity and
non-linearity. This alters the base model's
attention dynamics, enabling it to focus on
critical reasoning paths more effectively
and mitigate issues like "attention sink" or
"massive activation." By doing so, the
gating mechanism allows the base model
to solve problems that require nuanced,
multi-step reasoning without relying on
RLVR's sampling efficiency gains,
suggesting that attentional sparsity and
non-linearity can expand the base
model's reasoning boundary in a
fundamentally different way than
reinforcement learning. This implies a
new research direction: combining gating-
based attention optimization with
distillation or other knowledge transfer
methods to achieve both efficiency and
novel reasoning in LLMs.

GIANTS-4B

By merging the two studies, we uncover a hidden interplay
between how LLMs reason and how their internal attention
mechanisms shape that reasoning. When a model’s attention is
gated to focus on relevant information (as shown in Paper 2),
its underlying reasoning paths—measured by metrics like
“pass@k’ from Paper 1—become more structured and
efficient. This gating, for example, might filter out noise or
irrelevant tokens, allowing the model to sample fewer but
more accurate reasoning steps during reinforcement training.
In Paper 1, RLVR’s “improvement” is often attributed to refining
existing reasoning patterns, but with optimized attention,
those patterns could align more closely with true logical
structures, making the model’s reasoning *appear* more
robust even if it’s still constrained by the base distribution.

The results suggest that the attention layer’s dynamics directly
influence the “reasoning boundary” discussed in Paper 1. A
gate that sparsely prioritizes key information (like query-
dependent features) could narrow the set of solvable
problems in a way that complements RLVR’s focus on
sampling efficiency. For instance, a model with better
attention might generate fewer but more reliable CoT steps,
improving “pass@k" at lower "k values without expanding
the set of solvable problems. This synergy implies that future
work could combine RLVR with attentional refinements to not
just “narrow” reasoning but *refine* it, enabling models to
handle complex tasks with fewer, more targeted attempts. The
insight also hints that attention-based mechanisms like gating
could act as a bottleneck for reasoning expansion, where
RLVR’s reinforcement is limited by the model’s ability to focus
on the right information, not just the right rewards.

Figure 9: Qualitative comparison of insights derived from NeurIPS 2025 award-winning papers. (left) GIANTS-4B
identifies a more concrete cross-paper mechanism than the base model (Qwen3-4B). (right) GIANTS-4B produces a grounded,
more plausible interaction, while the base model makes a broader conjecture that is less directly grounded in the parent papers.
We show a one-sentence summary of each parent paper for readability. These are illustrative abbreviations only and are not the
full parent-paper summaries used as model input.

Takeaways of Experimental Evaluation

GIANTS-4B significantly outperforms both frontier models and SFT models on our insight anticipa-
tion task. GTANTS-4B produces insights that are rated by human experts as more conceptually clear
than those of the base model. A third-party citation-preference judge also prefers GIANTS-4B’s
outputs over the base model. Furthermore, despite training exclusively on a single domain, the
model successfully zero-shot generalizes its synthesis capabilities across diverse, unseen scientific
disciplines and temporally held-out literature.

5. Related Work

Al for Research. Many works have studied how to use LMs for different components of the scien-
tific research pipeline, including literature search [12, 32], idea generation [9, 16, 24, 27, 31], idea
execution [7, 17, 18], and paper review [29]. Asai et al. [2] evaluate the ability of models to answer
literature synthesis questions by identifying relevant papers and generating long-form responses with
citations. Many existing methods for idea generation either directly prompt LMs to perform open-ended
brainstorming or expose LMs to a set of prior works without requiring cross-paper synthesis [9, 16].
ScIMON [27] studies literature-grounded scientific idea generation, but its setting is different from ours:
SciMON takes background problem contexts as input, retrieves literature inspirations, and generates
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open-ended ideas optimized for novelty relative to prior work. By contrast, we focus on synthesizing
insights from prior work and do not optimize for open-ended novelty. A concurrent work trains models
to judge research impact from citation signals, then uses the learned judge as a reward model for idea
generation [24]. In contrast, we focus on the problem of synthesizing insights from two parent papers,
using similarity to ground-truth downstream insights as the training signal. A related line of work
studies scientific progress as a forecasting problem. PRESCIENCE decomposes the research process into
collaborator prediction, prior work selection, contribution generation, and impact prediction [1]. In its
contribution generation task, models generate a future paper’s title and abstract conditioned on prior
work and other historical context, and are evaluated using an LM-based similarity metric. Compared to
this broader scientific forecasting setup, we isolate the idea-synthesis problem and test whether models
can generate the core insight of a downstream paper from a given pair of parent papers.

Literature-based Discovery. Literature-Based Discovery (LBD) studies how computational methods
can uncover hidden links between seemingly unrelated bodies of research to infer novel and potentially
useful knowledge [20, 22]. A classic example is Swanson’s hypothesis that fish oil could treat Raynaud’s
syndrome: one set of papers suggested that fish oil reduces blood viscosity, while another linked high
blood viscosity to Raynaud’s syndrome [21]. However, existing LBD approaches often struggle to scale
to the volume of modern scientific literature, rely on domain-specific knowledge sources, or output
ranked candidate connections rather than clear, standalone hypotheses that researchers can directly
act on [3, 4, 14, 19]. Our work is complementary but more focused: rather than identifying latent
cross-literature links, we study whether a model can synthesize two parent papers into the core insight
of a real downstream paper.

6. Discussion, Limitations, Future Work

In this work, we introduced insight anticipation as a measurable paradigm for automated scientific
discovery. By isolating the insight generation phase, we demonstrated that models can effectively
synthesize the core insight of a downstream paper when provided with its foundational parent papers.
Our results with GTANTS-4B indicate that the trajectory of scientific intuition is partially predictable, and
that optimizing language models via reinforcement learning with similarity-based rewards is a highly
effective training strategy for this task. However, this foundational formulation leaves several important
limitations and open questions.

One limitation of the work is that we assume that downstream contributions derive from two parent
papers due to context constraints, despite research ideas being heavily shaped by broader intellectual
contexts. Furthermore, parent identification is imperfect. Citations do not always reflect true conceptual
influence, and influential ideas may remain uncited. Finally, by assuming an oracle literature selection
criterion, we explicitly decoupled insight generation from parent selection, which may not be feasible for
some scientific tasks.

Future research can address the parent selection problem directly or integrate automated retrieval
systems to unify parent selection and synthesis within a single end-to-end framework. Additionally,
extending the task to accommodate multi-source lineage and developing evaluation metrics that prioritize
conceptual novelty over textual similarity could be interesting. Ultimately, testing these models in active,
human-in-the-loop research settings will determine their true potential as catalysts for scientific discovery.
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7. Ethics Statement

This research involves training the GTANTS-4B model on a dataset of 17,839 publicly available arXiv pre-
prints to synthesize scientific insights. While automating scientific ideation offers significant potential for
discovery, it raises important ethical considerations regarding the proper attribution of foundational ideas,
especially since academic citation graphs can be noisy and may not always reflect true conceptual influence.
Additionally, there is an inherent risk of language models generating plausible but unverified scientific
claims; our framework mitigates this by using reinforcement learning to directly align model outputs
with grounded, human-derived insights. Finally, we acknowledge the environmental and computational
costs associated with training models on high-performance GPUs, though utilizing a more efficient 4B
parameter architecture helps limit this footprint compared to massive proprietary models.

8. Reproducibility Statement

To ensure the reproducibility of our results, we provide a comprehensive account of our methodology,
code, and data. The source code for our models and experiments is available at the following repository:

. Our benchmark and model weights can be found in the
following HuggingFace repository: . Our implementation is
built upon the verl framework ( ). All experimental
details, including hyperparameter settings, are documented in Appendix D. The computational experi-
ments were conducted on a machine with NVIDIA A100 GPUs, and the required software dependencies
are listed in the requirements.txt file within our code repository.
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A. arXiv Paper Domain Classification

We use the . Since Computer Science has many subfields, we further group the
arXiv category labels into broader macro-domains.

Domain arXiv Labels

Language cs.CL

ML/AI cs.LG, cs.Al cs.NE, cs.MA

Robotics cs.RO

Vision cs.CV, ¢s.GR, cs.MM, cs.SD

Theory ¢s.CC, cs.DS, cs.FL, ¢s.LO, cs.DM, cs.CG, cs.GT, cs.CR, cs.IT

Systems cs.AR, ¢s.0S, ¢s.DC, cs.NI, cs.PF, cs.SY, cs.PL, cs.SE, ¢s.DB, cs.IR, cs.SI
Society cs.CY

HCI cs.HC

CS-Other ¢s.ET, ¢s.GL, ¢s.OH, cs.DL, cs.NA, c¢s.MS, cs.CE, cs.SC

Economics econ

Electrical Engineering & Systems Science (EE & Sys. Sci.) eess

Mathematics math

Physics astro-ph, cond-mat, gr-qc, hep-ex, hep-lat, hep-ph, hep-th, math-ph, nlin, nucl-ex, nucl-th, physics, quant-ph
Quantitative Biology (Quant. Bio.) g-bio

Quantitative Finance (Quant. Fin.) q-fin

Statistics stat

Table 1: Mapping from domains to arXiv category labels.

B. Further Quantitative Analysis

In this section, we provide a more granular, domain-by-domain breakdown of our quantitative results to
better understand the performance characteristics of each model across different scientific disciplines.

Table 2 presents the average similarity scores across the entirety of GiANTSBENCH. The results demon-
strate that GTANTS-4B achieves consistent, robust improvements over the other methods. Notably, this
performance gap holds steady across highly diverse fields, ranging from largely theoretical domains like
Mathematics and Theory to applied disciplines such as Vision, Robotics, and HCI.

To further validate the generalization capabilities of our approach and ensure the model is not merely
memorizing training distributions, we separately evaluated performance on a highly constrained subset of
GiaNTsBENCH: Test-unseen-parents. This subset exclusively contains test examples where the parent
papers were never encountered during the training phase.

The results for this holdout set are detailed in Table 3. Encouragingly, GIANTS-4B maintains its substantial
performance gap over the baselines even on unseen literature. This indicates that our model has
successfully learned generalized mechanisms for cross-paper insight synthesis that translate effectively to
novel scientific texts.
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Domain Base SFT SFT-think gemini-2.5-pro gemini-3-pro GIANTS-4B
Economics 4.66:|:0_21 4.78:|:0_20 4.94:|;0.21 4.7510.22 4.50;&)_20 5.47:|:0,22
Language 4501010 4.751010 4.841011 4451011 4.1440.10 95.50+0.11
Vision 4.28:|:0.10 4-59:|:O.10 4.57:&0.10 4.11:‘:0'10 4.14:|:0_10 5.5240.12
Theory 4.544010 4.724010 4.80+0.11 4.6710.11 4.58+10.11 5.634+0.11
Mathematics 4.644011 4.7310.10 4.8140.10 4.76+0.11 4.5810.10 5.6640.11
Quant. Fin. 4.824095 5.1540.93 5.3110.25 5.0440.26 4.4540.24 5.7540.26
ML/AI 4771011 4974011 487011 4644011 4.5640.11 5.7610 12
Systems 4.624011 5.074011 5.134011 4.5710.11 4.4140.11 6.0440.12
Society 4874014 5314014 5.3340.15 4.4040.13 3.8210.11 6.0540.15
PhYSiCS 4.82i0.11 5-27i0.11 5.30i()‘11 4~95i0.11 4.65i0.11 6.14i0.12
Robotics 4.7441011 5.0640.11 5.1140.11 4.5540.11 4.43410.11 6.2110.11
EE & Sys. 4.8310.11 5.024011  5.0840.11 4.7441011 4.5510.11 6.2210.12
HCI 4'95:|:0.12 5.12:|:0,11 5.02:|;0.11 4.52:}:0.11 4.01:|:0,10 6.23:|:0,12
Statistics 5.451016 5.38+0.15 5.5110.15 5.5040.16 5.6840.17 6.4610.16
Quant. Bio. 5174017 5.43+0.17 5.6910.17 4.94 1017 4414015 6.65+0.17
CS-Other 5164016 9.98+0.16 9.4240.16 4.5710.15 4.1940.14 6.70+0.16
Overall 4.75:|:0.03 5.01:&0.03 5.05:|:0.03 4.65:‘:0_03 4.43:&0.03 5.97:&0403

Table 2: Average similarity scores (mean + standard error) per domain on GiIANTSBENCH. The judge
LM is gemini-3-pro.

Domain Base SFT SFT-think gemini-2.5-pro gemini-3-pro GIANTS-4B
Economics 4.63:&0.22 4.73:&021 4.93;&0,21 4.76:‘:0_23 4.55:&0.21 5.50:|:0423
Language 4.59:|:0_19 4.79:|:0.19 4.96:|:0.20 4~52i0.19 4.28:|:0.18 5.62:|:0,20
Vision 4-45i0.14 4-57i0.15 4.64i0,14 4~14i0.14 4-33i0.15 5-71i0.17
Theory 4631012 4.8010.12 4.7610.12 4.8440.13 4.7540.13 5.71+0.13
Mathematics 4.634011 4.7240.10 4.8040.10 4.7410.11 4.57+0.10 5.634+0.11
Quant. Fin. 4.7640927 5.184095 5.3040.96 4.8940.07 4.4840.95 5.77+0.97
ML/AI 4.8810.15 H.184016 4.9510.15 4.87+0.16 4.9940.16 6.06+0.16
Systems 4.7441015 5.04410.15 5.074+0.15 4.7410.1¢ 4.5410.15 6.1540.16
Society 4.96:|:0,19 5.45:|:0.19 5.26:&0,19 447:&0.17 3.77;&0.14 6.13:&0420
Physics 4824011 5.28+011  5.29+0.11 4.9940.12 4.674+0.11 6.1610.12
Robotics 4.89:|:0_13 5.14:|:0_12 5.19:|:0,13 4.58;&0_13 4.48:|:0_13 6.34:|:0,13
EE & Sys. 4~90i0.13 5-21i0.13 5.20i()‘12 4.80i0,13 4-72i0.13 6.35i0,14
Statistics 5471017 5.43+0.15 5.5340.16 5.4940.17 5.674+0.18 6.5110.16
Quant. Bio. 5'27:|:0.18 5.56:|:0,18 5.77:|:0,1g 505:}:0.18 4~35:|:O.16 6.77:|:0,18
CS-Other 5.38i0.19 5-65i0.18 5-50i0A18 4.66i0,17 4-20i0.16 6.85i0.18
Overall 4.87i0.04 5-10i0‘04 5-11i0.04 4.78i0.04 4-57i0.04 6.11i0‘04

Table 3: Average similarity scores (mean =+ standard error) per domain on Test-unseen-parents, which
indicates the subset of GIANTSBENCH test set with only unseen parent papers. The judge LM is
gemini-3-pro.
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C. Prompts

This section details the exact prompt templates utilized throughout our pipeline for both generation and
evaluation tasks.

C.1. Insight Anticipation Prompt

This is the prompt used for the insight anticipation task. The model is provided with the textual summaries
of two parent papers, which are highlighted in red in the following figure. The prompt instructs the model
to analyze these summaries, synthesize their core methodologies or findings, and generate a scientific
insight or research direction that conceptually bridges and builds upon both foundational works.

You are given summaries of two research papers.
<papers>

Paper 1:

{Paper 1 summary}

Paper 2:
{Paper 2 summary}
</papers>

Your task is to generate a novel and non-obvious insight that emerges only when both papers are considered together.

Quality requirements:
1) SPECIFIC & PRECISE: Ground the insight in fine-grained details (methods, mechanisms, results, limitations) from both papers, not just general themes.
2) Avoid simple combination or summary of contributions: Go further to find at least one of:
- Chain reasoning patterns (e.g., A>B from one work and B-C from the other suggests A>C).
- New research directions that neither paper alone proposes (methods, architectures, experimental setups).
- Surprising analogies, implicit principles, or shared structures not made explicit in either paper.
3) SELF-CONTAINED: Write the insight so a reader who hasn’t read the papers can understand and act on it. Do not refer to Paper 1 or Paper 2.
Output format:
<think>Explain your reasoning for the insight. Step by step, show how specific aspects of Paper 1 and Paper 2 connect and why they lead to this insight.</think>

<insight>
Aclear and self-contained statement of the insight (3-10 sentences).
</insight>

Figure 10: Prompt for insight anticipation. The summaries of two parent papers are in red.
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C.2. Parents Identification Prompt

We present the prompt designed for the parents identification task. The primary objective of this prompt
is to instruct the model to determine the most influential parent papers for a given downstream target
paper. By providing the model with the downstream paper PDF, the prompt asks the model to trace the
scientific lineage backward and identify which prior works from a candidate pool served as the conceptual
ancestors of an insight drawn from the downstream paper.

You are an expert research analyst. Given this research paper, your task is to:
1. Identify two prior papers that this paper explicitly cites and builds upon by combining their ideas in a synergistic way.
- The synergy should come from an insight that only emerges when information from both papers is synthesized.
- It does not need to be the main insight or methodology of the paper. It could be a technique, approach, or design choice inspired by
the two works — something that neither paper alone could fully support.
2. Explain your reasoning for why these two papers together provide the foundation for the insight.
3. Output the titles of the two papers in the following format:
<paperl>The first paper title...</paperl>
<paper2>The second paper title...</paper2>

### Expected Output

- A brief explanation of the synergy (why combining these two papers matters).
- The titles of the two papers inside <paperl>and <paper2> tags.

Figure 11: Prompt for identifying two parent papers whose ideas are synergistically combined to produce
the given paper’s key insight, which is extracted as the ground-truth target y*.
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C.3. Similarity Judge Prompt

Below, we present the prompt used for automated evaluation and reward scoring via an LM-as-a-judge
framework. To quantitatively assess the quality and relevance of our generated insights, this prompt
provides the evaluator model with both the ground-truth insight and the corresponding model-generated
insight. The model is then instructed to critically compare the two texts and output a similarity assessment,
evaluating them on semantic alignment.

Below is a research insight:
<research_insight>

{ground-truth insight}

</research_insight>

Below is a statement you need to evaluate:
<statement>

</statement>
Task: Rate how similar the statement is to the research insight (1-10).

STRICT RULES:

- Similarity requires matching the SAME core idea.

- 'Inspired by', 'motivated by', or 'reasonable extension' # same idea.
- Shared topic or keywords alone # similarity.

Compare explicitly:

1) Key mechanism/method

2) Causal logic/workflow

3) Primary contribution/novelty

Downgrade if the statement:

- Omits the central mechanism

- Generalizes/abstracts the insight

- Proposes a new framework/direction

Scale:

1-2: Unrelated.

3-4: Shares topic but not the actual insight.

5-6: Partial conceptual overlap; misses at least one core mechanism or misaligns assumptions.
7-8: Strong match with only minor differences in mechanisms or assumptions.

9: Near-identical conceptual + causal + motivational mapping; only minor, non-substantive deviations.
10: Perfect: same ideas, same mechanism and roles, same objective/assumptions.

### Output Format

Format your response as follows:

<think>

Explain your reasoning for the rating you chose.

</think>

<rating>a number between 1 and 10</rating>

Figure 12: Prompt for assessing the similarity between the ground-truth insight y* (in red) and model-
generated insight ¢ (in ). The scale is bolded.
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C.4. Rewriting Insight Prompt

To ensure the generated insights could be evaluated consistently, we employed a rewriting step to
standardize their format. Figure 13 displays the prompt used to instruct the model to rewrite the raw
insight into a clear, standalone statement without losing its original semantic meaning.

You are an expert research analyst.

You are given detailed summaries of two research papers:
<papers>

Paper 1:

{Paper 1 summary}

Paper 2:
{Paper 2 summary}
</papers>

You are also given an ORACLE RESPONSE that explains how a follow-up paper integrates the ideas from the two papers above.

Your task:

- Reconstruct the reasoning process that could lead to the *same final insight* as in the ORACLE RESPONSE, but using only the content of the two papers above.
- Do NOT mention, reference, or imply the existence of the follow-up paper, the oracle, or any external work.

- Your response must be self-contained and logically derived only from the two papers.

- Your response should preserve the full level of *conceptual and technical specificity* implied in the oracle response.

<0racle_response>
</oracle_response>

OUTPUT FORMAT (return ONLY these three sections, nothing else):

<think>

Internal reasoning and planning for how to reconstruct the synergy between the two papers.

Explain how you will approach integrating their ideas and aligning the final insight with the oracle's conceptual structure (without mentioning the oracle explicitly in the output itself).
</think>

<insight>

The final rewritten insight stated clearly and self-contained.

Assume the reader has not seen Paper 1 or Paper 2.

Do not refer to Paper 1 or Paper 2 by name or imply their existence.

The insight should capture the same underlying conceptual synergy and technical details as the oracle response.
</insight>

<reasoning>

Step-by-step explanation of how this insight is logically derived from the two papers.

Explicitly identify which core ideas or mechanisms from each paper combine to produce the final integrated conclusion.

Be explicit and precise about the conceptual dependencies, theoretical links, and reasoning chain that lead to the stated insight.
</reasoning>

Figure 13: Prompt for rewriting the insight as a standalone statement. The summaries of two parent
papers are in red. The raw synergy explanation is in .
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D. Hyperparameters for GIANTS-4B and Baselines

We detail the optimization and training configurations used for training GTANTS-4B and the SFT baselines
below. The hyperparameter choices were guided by standard practices for aligning large language models,
with slight adjustments made to accommodate our specific sequence lengths and batch sizes.

RL Hyperparameters. Table 4 outlines the configuration used during the reinforcement learning phase,
specifically utilizing the GRPO algorithm. We applied a conservative KL penalty to prevent the model
from drifting too far from the reference policy.

Hyperparameter Value
Algorithm GRPO [15]
Training steps 400
Train batch size 64
Group size 8
Max prompt length 3000
Max response length 1296
Learning rate 1x 1076
Entropy coefficient 0.002
KL loss coefficient 0.001
KL loss type low_var_kl
Sampling temperature (train / val) 0.6/ 0.6
Mazx batched tokens 32768
Uneven Clipping (low / high) 0.2/0.5

Table 4: Key reinforcement learning hyperparameters used in our experiments.

Supervised Learning Hyperparameters. Table 5 details the setup for our supervised fine-tuning (SFT)
baselines.

Hyperparameter Value
Algorithm SFT
Epochs 10
Train batch size 64
Max length (input + output) 8192
Learning rate 1x 1076
Gradient checkpointing True

Table 5: Key supervised fine-tuning hyperparameters used in our experiments.
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E. Ablations with Diverse LM Judges

Judge: gemini-2.5-flash Judge: gemini-2.5-pro Judge: gemini-3-flash-preview
Mathematics Mathematics Mathematics
Quant. Finance Theory Quant. Finance Theory Quant. Finance Theory
8 8 8
ML/AI Vision ML/AI , Vision ML/AI , Vision
6
Systems Language Systems Language Systems Language
Society Economics Society Economics Society Economics
Physics CS-Other Physics CS-Other Physics CS-Other
Robotics Quant. Biology Robotics Quant. Biology Robotics Quant. Biology
EE & Sys. Sci. Statistics EE & Sys. Sci. Statistics EE & Sys. Sci. Statistics
HCI HCI HCI
—————— Base ---- SFT SFT-think  ——~= gemini-2.5-pro  ---- gemini-3-pro-preview —— GIANTS-4B

Figure 14: Similarity scores on Test-unseen-parents. This is the subset of GIANTSBENCH test set with
only unseen parent papers. Across all three LM judges, GIANTS-4B is ranked as the top-performing
model.
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F. Human Evaluation Details

We conduct two preliminary human studies, each involving two PhD students in Computer Science as
annotators.

F.1. Human Evaluation of Insight Similarity

To validate the reliability of our automated metrics, we conducted a preliminary human evaluation
study focusing on insight similarity. Two annotators were tasked with scoring the semantic alignment
between model-generated insights and ground-truth insights. To facilitate this process and ensure an
unbiased environment, we developed a custom web interface, shown in Figure 15. Importantly, the
human annotators were provided with the exact same scoring rubric and guidelines that were given
to the LM judge, allowing us to accurately measure the consistency between human judgment and our
automated evaluation pipeline, with the exact context provided to the LM judge.

Both annotators rated the same 30 pairs of insights generated by the base model and GIANTS-4B against
their corresponding ground-truth insights. For each insight, we compute the average similarity score
across the two annotators. To compute the win rate under human judge, we compare the averaged scores
of the base model and GTANTS-4B for each pair and ignore ties.

™ Reasoning Insight Scorer

Research Insight

The synergy is achieved by embedding the *OpenVLA*™ model as the specialized "Executor’ component within the *Agentic
Robot** framework. While OpenVLA offers state-of-the-art, parameter-efficient visuomotor control, it is limited by its 7B-parameter
size regarding broad semantic generalization compared to larger internet-scale models. The Agentic Robot framework addresses
this by utilizing a Large Reasoning Model (LRM) as a "Planner" to orchestrate the VLA. By combining OpenVLA's robust low-level
action generation with the Agentic framework's high-level reasoning capabilities, the system can handle out-of-distribution
(OOD) concepts: the LRM interprets novel scenarios and decomposes them into standardized "atomic skills" that the OpenVLA can
reliably execute. This creates a system where the "brain” (Agentic Robot's LRM) dynamically grounds unseen concepts into
actionable primitives for the "body" (OpenVLA), significantly enhancing generalization and reliability beyond what either model
achieves in isolation.

Statement to Evaluate

By merging the action-generating capabilities of OpenVLA with the structured task decomposition and verification loop of
Agentic Robot, a system emerges that bridges low-level motor control with high-level reasoning about sequential, real-world
tasks. OpenVLA's vision-language model, trained on diverse robotic episodes, provides precise, discrete control signals for physical
actions, while Agentic Robot's *Standardized Action Procedure* breaks complex instructions into atomic subgoals and validates
each step through visual and linguistic feedback. For instance, when a robot is told to “open a drawer and retrieve a tool,”
OpenVLA might generate low-level joint movements for opening, but the SAP framework ensures the drawer is actually open
(verified by a VLM analyzing the scene) and that the tool is in the correct location before proceeding. This integration reduces error
accumulation: if the drawer fails to open, the verifier triggers a recovery step (e.g., applying more force), and the executor reruns
the subgoal. The result is a system that not only mimics human-like task planning but also adapts to real-world ambiguity, using
OpenVLA's language-grounded actions and SAP’s feedback-driven resilience to handle long-horizon tasks where a single failure
could derail the whole plan. The synergy lies in treating robot control not as a single decision but as a chain of verifiable, context-
aware steps, where the model’s predictive power is tempered by a cognitive architecture inspired by human problem-solving. This
approach turns “robotic intelligence” from a black-box behavior into a transparent, debuggable process, enabling robots to
navigate dynamic environments with both precision and self-correction.

Scoring Rubric

STRICT RULES:

Similarity requires matching the SAME core idea

o ‘Inspired by', 'motivated by", or 'reasonable extension’ # same idea.
o Shared topic or keywords alone # similarity.

Compare explicitly:
o Key mechanism/method
o Causal logic/workflow

o Primary contribution/novelty

Downgrade if the statement:
o Omits the central mechanism
o Generalizes/abstracts the insight

o Proposes a new framework/direction

Scale:

© 1-2 Unrelated.

© 34 Shares topic but not the actual insight.

o 5-6:Partial conceptual overlap; misses at least one core mechanism or misaligns assumptions.
o 7-8:Strong match with only minor differences in mechanisms or assumptions.

© 9 Near-identical conceptual + causal + motivational mapping; only minor deviations.

o 10: Perfect: same ideas, same mechanism and roles, same objective/assumptions.

Rate this statement

Rating (1-10) [0 = Unscored]

< Previous

Item 16 of 36

Figure 15: Human eval labeling interface for assessing similarity. This is the Gradio interface that
was used by human annotators to measure the consistency of LM similarity scores with human ratings.
The rubric provided to the humans exactly matched that provided to the LM judge for consistency (with
markdown formatting for human interpretability).
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F.2. Human Evaluation of Insight Feasibility

In the study on insight feasibility, both annotators rated the same 15 pairs of insights generated by the
base model and GIANTS-4B along two dimensions: algorithmic complexity and conceptual clarity. For
each insight and each dimension, we report the average rating across the two annotators. Figure
shows the rubric for the two dimensions.
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Feasibility Annotation

The combination of CLIP's contrastive pre-training with natural language supervision and PEGASUS's gap-sentence generation objective reveals a novel architectural synergy: text-based pre-
training can simultaneously enable cross-modal alignment (for image-text understanding) and abstractive generation (for text summarization) by leveraging shared text encoders. CLIP's zero-
shot classification relies on text embeddings to align image and text semantics, while PEGASUS's GSG objective forces the model to reconstruct masked text, effectively training the text
encoder to understand document-level structure. This suggests that a unified text encoder trained on both contrastive alignment (CLIP) and gap-sentence reconstruction (PEGASUS) could
bridge modalities and tasks, enabling models to transfer text understanding te new domains (e.g., using CLIP's text embeddings for summarization or vice versa). This insight highlights the
wersatility of text-based pre-training, where the same encoder can be adapted for different downstream tasks by medifying the pre-training objective, opening new directions for hybrid models

that combine alignment and generation.

Item 32 of 60

Row ID: 31

Progress: 30/60 fully annotated
Current item: In progress

1. Engineering & Algarithmic Complexity

Score (1-10) [0 = Unscored]

Rubrie

Measures how difficult the implementation is and how much custom engineering it requires.

o 1-2 (Fundamental Technical Innovation): Requires fundamental technical innovation or substantial low-level systems work.
3-4 (Highly Complex): Involves unstable pipelines, major model internals changes, or hard distributed engineering.
5-6 (Custem but Standard): Needs meaningful custom implementation, but still falls within standard ML engineering practice.
7-8 (Library-Supported): Mostly supported by existing libraries, with limited custom additions.
9-10 (Straightforward): Straightforward to implement with standard tools and minimal customization.

2. Conceptual Clarity & Scope

Score (1-10) [0 = Unscored]

Rubric
Measures how focused, testable, and well-scoped the project is.
1-2 (Poorly Scoped): Vague, overly broad, or not meaningfully testable.
3-4 (Broad and Confounded): Interesting idea, but too broad or confounded to isolate clearly.
5-6 (Clear but Demanding): Has a clear core hypothesis, but proving it will require substantial analysis.
7-8 (Well-Scoped): A focused question with a direct path to testing.
9-10 (Precisely Scoped): A very precise hypothesis with a clean and decisive experimental setup.

Optional notes

< Previous

Figure 16: Human eval labeling app for assessing feasibility. This is the Gradio interface that

was used by human annotators to measure the feasibility of a research insight along two dimensions
engineering/algorithmic complexity and conceptual clarity.
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