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Abstract

Large Language models have demonstrated
promising performance in research ideation
across scientific domains. Hypothesis devel-
opment, the process of generating a highly
specific declarative statement connecting a re-
search idea with empirical validation, has re-
ceived relatively less attention. Existing ap-
proaches trivially deploy retrieval augmenta-
tion and focus only on the quality of the fi-
nal output ignoring the underlying reasoning
process behind ideation. We present HypER
(Hypothesis Generation with Explanation and
Reasoning), a small language model (SLM)
trained for literature-guided reasoning and
evidence-based hypothesis generation. HypER
is trained in a multi-task setting to discrimi-
nate between valid and invalid scientific rea-
soning chains in presence of controlled dis-
tractions. We find that HypER outperforms the
base model, distinguishing valid from invalid
reasoning chains (+22% average absolute F1),
generates better evidence-grounded hypotheses
(0.327 vs. 0.305 base model) with high feasi-
bility and impact as judged by human experts
(>3.5 on 5-point Likert scale). Resource at §.

1 Introduction

Large Language Models (LLMs) have shown re-
markable potential as AI scientists and research as-
sistants, excelling in tasks such as knowledge acqui-
sition from the scientific literature, idea generation,
hypothesis development, experiment design, and
data-driven verification (Pu et al., 2024; Li et al.,
2024; Si et al., 2024; Wang et al., 2023a; Lu et al.,
2024; King et al., 2009; Qi et al., 2024). One such
scientific task is literature-based discovery (LBD),
which aims to generate novel hypotheses by explor-
ing connections within a large body of scientific
literature. Techniques in LBD include structured
causality investigations, including association rules,
graph theoretics, and explicitly curated semantic
relationships between concepts (Swanson, 1986;

Xun et al., 2017). In this work, we focus on LBD
in the medical domain.

In the medical domain, where evidence-based
reasoning is the norm (Yang et al., 2019; Bichin-
daritz et al., 1998), researchers require a clear
provenance of ideas before committing to costly
hypothesis development and validation (Jing et al.,
2024; Karunarathna et al., 2024). While traditional
LBD methods provide structured pathways for dis-
covery (Swanson, 1986; Thilakaratne et al., 2019),
their reliance on co-occurrence patterns limits the
ability to capture evolving research trajectories. In
contrast, LLMs enable the generation of creative,
open-ended ideas by synthesizing diverse informa-
tion (Wang et al., 2023a). However, this flexibil-
ity often comes at the cost of interpretability and
grounding in scientific evidence, two attributes es-
sential for real-world use in clinical and biomedical
research.

Existing LLM-based approaches to scien-
tific hypothesis generation, such as ResearchA-
gent (Baek et al., 2024a), Acceleron (Nigam et al.,
2024), SciMuse (Gu and Krenn, 2024), and Sci-
MON (Wang et al., 2023b) treat the task as condi-
tional generation over retrieved literature. Unlike
traditional LBD systems, these models lack a struc-
tured approach to literature organization. A com-
mon practice in literature review is to organize prior
work chronologically to discover trends, uncover
key milestones, and build knowledge. Recent work
demonstrated the effectiveness of this approach
in AI assisted idea generation, e.g., inspirations
presented as chains of ideas or paths connecting
concepts in a Knowledge Graph (KG) was reported
to improve the quality of research ideas. (Li et al.,
2024; Ghafarollahi and Buehler, 2024).

We build on this idea of structured representa-
tions to bridge the gap between traditional LBD
and LLM-based hypothesis generation. However,
rather than imposing structure only at inference
time, we argue that scientific AI assistants should
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Figure 1: Comparison of hypothesis generation approaches: (1) Base LLM – Generates ungrounded hypotheses.
(2) Citation Chain without Validation – Uses related papers but lacks a coherent argument across the chain. (3)
HypER (Ours) – Ensures hypotheses are well-supported with literature and logical progression. Please refer to
Table 10 in Appendix for details of reasoning chains.

be trained to organize and reason over the litera-
ture, mimicking real-world scientific inquiry. In
this paper, we ask: How can we train an LLM to
navigate the noisy literature and generate novel
and impactful ideas that are grounded in a solid
understanding of existing work..

To address this question, we develop HypER, a
small language model (SLM) trained for literature-
guided reasoning and evidence-based hypothesis
generation, focusing on fine-grained logical con-
nections between arguments in scientific abstracts
rather than collating ideas by surface-level simi-
larity commonly used in recent work. We first
validate a teacher LLM’s capability to extract these
dependencies. Then using the validated teacher,
we contribute a novel dataset of temporal chains
(sequences of article abstracts) where each node
is inspired by or dependent on its predecessor, re-
flecting the evidence-driven nature of scientific dis-
covery. To account for the real-world challenges,
we simulate varying levels of noise in the literature
with carefully curated controlled distraction arti-
cles. While building these chains requires costly
citation graph traversal and numerous LLM calls,
we distill this process into an SLM fine-tuned via
multitask learning. HypER is trained to discriminate
between valid and invalid chains and to integrate
this reasoning with the ideation of evidence-based
hypotheses. This paper makes the following contri-
butions:

Task: We formalize a new literature-grounded
scientific hypothesis generation task that goes
beyond surface-level similarity-based linking

by explicitly validating reasoning chains using
relevance scoring to ensure logical coherence
and progression across cited papers.
Framework: We propose a multitask frame-
work that explicitly supervises the scientific
reasoning process via two classification tasks:
one-hop paper-paper relevance and validity
of multihop chains. Hypothesis generation is
performed at inference time, conditioned on
validated reasoning chains.
Dataset: We construct a dataset of 3,523 rea-
soning chains derived from 359 core valid
chains, with fine-grained relevance labels and
curated invalid samples, using LLM-based
scoring validated through expert evaluation.
Model: We fine-tune small instruction-
tuned LLMs (e.g., Phi-3-mini-128k-instruct),
HypER, achieving strong performance across
all tasks.
Evaluation: We present a comprehensive
evaluation of base vs HypER. For classification,
we report accuracy and F1; for generation, we
assess novelty, clarity, and groundedness via
automated and expert review. HypER outper-
formed the base model at distinguishing valid
vs. invalid reasoning chains (+22% average
absolute F1) and generates more evidence-
grounded hypotheses (0.327 vs. 0.305 base
model) with high feasibility and impact as
judged by human experts including clinicians
and biomedical researchers (>3.5 on 5-point
Likert scale), in some cases anticipatory of
recent studies (Section 5 and Appendix H.)
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Although we focus on the medical domain for
its strong emphasis on evidence-based reasoning,
we believe the framework has potential applicabil-
ity to other scientific fields. An important avenue
for future work is to validate this generalizability
through experiments in additional domains.

2 HypER

2.1 Problem formulation
Our goal is to ensure that the reasoning paths not
only support the generated hypothesis but also pro-
vide a clear and scientifically sound rationale, mim-
icking the thought processes of expert scientists.

We define the scientific literature graph as CG =
(P, E), where P is the set of papers (nodes) and E
the set of citation edges. An edge (pi, pj) ∈ E in-
dicates that paper pi cites pj . Each paper pi ∈ P is
associated with a key hypothesis hi. The temporal
reasoning chain denoted as C = {p1, p2, . . . , pn},
is a sequence of papers, where p1 is the source
(anchor) paper, {p2, . . . , pn−1} represent papers
that appear in chronological order, reflecting the
progression of scientific discovery. Each paper
pi ∈ C cites the previous paper pi−1 and estab-
lishes a logical connection. pn represents a target
paper (e.g., with target hypotheses). Unlike a raw
citation graph, the reasoning chains we construct
form a structured subset VCG of CG, where edges
are validated based on citation links and scientific
dependencies (i.e., inspired by or dependent on the
findings) rather than solely citation links—which
could indicate a broader relationship (e.g., a cited
paper to support a claim, a cited paper that works
on the same area but has unrelated hypotheses).
This ensures that C captures meaningful reasoning
paths rather than arbitrary citation relationships.
See Table 10 and 11 in Appendix for details of
reasoning chain examples.

We utilize our collection of reasoning chains
VCG to train a small language model, called HypER,
on three interconnected reasoning tasks that en-
hance its hypothesis generation capabilities. By
fine-tuning a single model across multiple tasks,
leveraging shared representations, we enable HypER
to conduct literature-based-discovery in a real
world setting.

2.2 Multi-task objectives
HypER is fine-tuned on the following tasks:

One-hop relevance classification (1-hop):
given a source paper and a target paper, the

model predicts a relevancy score, similar to the
one described in our data generation pipeline
(details in Section 3). Here, the model assigns the
relevancy score to the target paper based on its
scientific dependence on a source paper (scored
as 0: irrelevant, 1: inspired, or 2: dependent),
focusing on fine-grained, local dependencies in the
literature graph.

Multi-hop agnostic chain validation
(multi-hop-A): Given a reasoning chain
(a sequence of temporally ordered papers), the
model determines whether the chain is valid
or invalid. If invalid, it identifies the specific
breakpoints (paper nodes in the chain) where
inconsistencies occur in the logical progression.
This task improves the model’s ability to differ-
entiate valid from noisy reasoning paths. We
argue that a model should be able to identify
inconsistencies in scientific reasoning irrespective
of the target hypothesis based on the coherence of
the argument.

Multi-hop contextual chain validation
(multi-hop-C): Given a reasoning chain
(a sequence of temporally ordered papers), and tar-
get hypotheses that leads to, the model determines
whether the chain is invalid. If invalid, it identifies
the specific breakpoints (paper nodes in the
chain) where logical inconsistencies occur. This
ensures that hypothesis generation by the HypER
is supported by well-structured and scientifically
sound reasoning.

This multi-task setup enables joint training with
task-specific instruction tuning and a shared model
backbone to improve generalization across reason-
ing levels. The one-hop relevance scoring task
helps the model capture fine-grained scientific de-
pendencies, which contributes to its ability to eval-
uate multi-hop reasoning chains.

2.3 Hypothesis Generation with HypER

While HypER is trained to validate reasoning chains,
its ultimate goal is to generate well-grounded sci-
entific hypotheses. By distinguishing valid from
invalid reasoning chains, the model identifies coher-
ent reasoning chains within noisy literature graphs
and uses them as scaffolds for hypothesis genera-
tion. To demonstrate the above, we prompted our
fine-tuned model with a noisy literature subgraph.
Given a noisy subgraph GCi , and a task-specific
prompt T , the model outputs the valid reasoning
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(a) (b)

Figure 2: (a) Pipeline for constructing reasoning chains from RCT summarization data. The process iteratively
retrieves citing papers, evaluates their relevance, and constructs a literature path of evidence-supported hypothesis
reasoning. (b) An example sub-graph rooted from source paper pk (○) and multiple valid and invalid chains
associated with it within it. All the ○ are valid papers citing the previous papers and ○ are the papers which are
irrelevant to the previous paper but are cited them and might be sharing terminologies.

chain Ci, a rationale or explanation Ri and the final
hypothesis hi.

3 Constructing a Ground Truth for
Literature-Guided Reasoning Chains

To facilitate hypothesis generation, grounded in
the logically connected chain of scientific develop-
ments, we construct a structured subset of scientific
literature graph G ⊂ CG, consisting of valid reason-
ing chains along with distraction chains (right of
Figure 2). These chains serve as structured repre-
sentations of the logical steps connecting existing
knowledge to new hypotheses. The pipeline for
constructing valid reasoning chains is designed to
iteratively retrieve, score, and validate scientific
literature, ensuring that each reasoning path is log-
ically grounded in evidence as shown in the left
of Figure 2. Below, we describe each step of the
pipeline in detail:

Step 1: Data Preparation The process begins
with sampling a set of papers from a dataset (Wal-
lace et al., 2021) of randomized controlled trial
(RCT) summaries. We utilized the dataset by Wal-
lace et al. (2021), which is based on systematic
reviews curated by experts. Each review is rele-
vant to a clinical question and linked to multiple
PubMed papers that serve as potential initial source
papers. We select a source paper pk- either the
latest or most cited and note its publication year.
Sub-discipline selection details are provided in Ap-
pendix C.

Step 2: Citation Graph Retrieval Using the
Semantic Scholar API, we retrieve papers citing

pk within a two-year window (year → year +
2), grouped into batches of 10 to fit within LLM
context limits.

Step 3: Relevancy Scoring for a Paper Each pa-
per is scored using a Llama-3.1-70B model (prompt
in Appendix J) with a relevance label: 0 (irrelevant),
1 (inspired), or 2 (dependent), based on its connec-
tion to the source paper’s hypothesis or findings.
The model also outputs a brief explanation of its
relevancy and the paper title.

Step 4: Top paper selection For each paper
chunk, the top 3 relevant papers are identified based
on their relevancy score in the range [1, 2]. Papers
with higher citation counts and relevancy scores
of 2 (only considered score 1 otherwise) are pri-
oritized. Only papers with valid scores (e.g., [1,
2]) are retained for further processing in the chain
using a relevance impact score, that considers the
relevancy (70%) and impact (30%) using the ci-
tation count. This approach ensures that highly
relevant and impact papers are prioritized, mitigat-
ing coverage gaps that could disrupt the reasoning
chain if lower-impact papers were included.

Step 5: Iterative Reasoning Chain Construction
The pipeline iteratively selects the top paper from
the relevant papers. This paper becomes the new
source paper pk+1, and the process is repeated to
retrieve its citing papers. The loop continues until
a terminal condition is met, such as reaching the
final target year (e.g., 2024).
The reasoning chain is constructed as a sequence
of papers pk, pk+1, . . . , pkn, where each node rep-
resents a relevant paper contributing to the idea.

25416



Type of Chain Disruption Level Number of Chains Mean Length (Min, Max) Score 2 Fraction (Mean)
Valid Chains N/A 379 9.04 (1, 27) 0.71
Easy Chains 10% Replacements 175 13.88 (10, 27) 0.65

20% Replacements 342 11.67 (5, 27) 0.55
30% Replacements 305 12.12 (4, 27) 0.49
40% Replacements 295 12.31 (3, 27) 0.41
50% Replacements 67 16.01 (12, 27) 0.40

Total 1184 12.52 (3, 27) 0.55
Hard Chains N/A 455 9.97 (2, 28) 0.62

Table 1: Statistics of valid and invalid chains. Easy chains are invalid chains with varying disruptions.

3.1 Generating causal chains of literature
with teacher LLM

A key step of our reasoning chain construction is
evaluating whether a paper is inspired by, or de-
pends on the findings of the previous paper in the
chain. Unlike prior works like SciMon (Wang et al.,
2023a) and COI (Li et al., 2024), which rely on sim-
ple cosine similarity, we explicitly validate these
fine-grained dependencies. The fidelity of silver
data — constructed ground truth — relied on evalu-
ating the hypothesis that LLMs can identify strong
dependencies between scientific contributions.

Our dataset consists of more relevant logical con-
nections between papers along the chains. To es-
tablish this connection, we leverage large LLM’s
built-in reasoning capabilities. Specifically, our
relevancy scoring depends on how well an LLM
can discriminate between strong and weak one-hop
connections between two chronologically ordered
papers. Manual Quality Assurance: We validate
the model’s capability using self-consistency runs
(see appendix D) of 50 samples and comparison of
the majority votes with human judgment. The ex-
pert annotated relevancy scores compared against
majority vote LLM scores, achieved an average
Cohen’s Kappa of 0.429± 0.065 and a percentage
agreement of 62.74± 4.24%, indicating moderate
agreement (details in Appendix D). We constructed
a total of 379 reasoning chains, each representing a
structured progression of ideas connecting a source
paper to a hypothesis. We present a summary statis-
tics of our reasoning chains in the Appendix B.

3.2 Negative Sampling Strategies

To create a dataset for the reasoning path validity
task, we additionally need negative examples. In-
valid reasoning chains are generated through the
following strategies (illustrated on the right of Fig-
ure 2 (b)): (1) Swapping intermediate nodes
(easy negative sampling): Intermediate nodes in

the reasoning chain are replaced with irrelevant
or unrelated nodes. We selected the replacement
nodes carefully from a pool of candidate papers
with relevance 0 from the same citing year to en-
sure the structural similarity is maintained while
introducing invalid reasoning. For a valid chain,
VC = p1 → p2 → p3 → p4 an invalid chain could
be VC′ = p1 → p5 → p3 → p4, where p5 is irrele-
vant to p1. This approach generates invalid chains
with varying levels of noise by progressively re-
placing 10% to 50% of the intermediate nodes in
the reasoning path. (2) Random breaks in the
chain (hard negative sampling): In this strategy,
we disrupt the reasoning chain by introducing ran-
dom breaks (replacing 1 or 2 intermediate nodes
with unrelated relevance 0 nodes), resulting in dis-
joint subchains. After each break, the chain re-
sumes as a valid chain, which preserves temporal
and logical progression. This makes the invalid
chain a hard negative with partial coherence and
carefully crafted disruption. In this method, we
introduce a level of randomness by removing the
fixed target node assumption, unlike previous ap-
proaches where the reasoning chain is fixed be-
tween a source and target node. For instance, con-
sider the following valid reasoning chain: VC =
{p1(2001) → p2(2004) → p3(2007) → p4(2011)
→ p5(2015) → p6(2020) → p7(2024)},
we introduce a break after p3(2007), we re-
place p4(2011) with an irrelevant paper, q1 fol-
lowed by a coherent sub-chain of papers that
are irrelevant to the initial valid chain VC′ =
{p1(2001) → p2(2004) → p3(2007) → q1(2011)
→ q2(2014) → q3(2018) → q4(2024)} These
strategies ensure diverse negative samples, en-
abling models to robustly differentiate between
valid and invalid reasoning chains. We formally
denote easy negative chains as invalid-easy and
hard negative chains as invalid-hard for later ref-
erence. The distribution of valid, easy, and hard
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chains, along with their associated statistics, is sum-
marized in Table 1.
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Figure 3: Distribution of valid and invalid chains across
splits, also the percentage of chains ending in 2023/2024.
For example, the training data consists of 21.0% valid
chains (280 out of 1331) with 2023/2024 paper.

4 Supervised Finetuning and Hypothesis
generation

Dataset Splitting The fine-tuning dataset, con-
sists of 3523 chains was split into training (70%),
validation (15%), and test (15%) sets using a
review-ID based grouping strategy to prevent data
leakage. Chains were categorized into valid,
invalid-easy and invalid-hard categories through
randomized review-ID shuffling to have unbiased
distribution (see Figure 3). Additional details about
data balancing are in the appendix.

Fine-tuning setup for multi-task learning
To construct a reasoning-driven hypothe-
sis generation model, HypER, we fine-tune
SLMs in a multi-task learning setup using
the training split of our dataset. We consider
Phi-3-mini-128k-instruct-3.8B (Abdin et al.,
2024), instruction-tuned LLaMA-3.2-3B model
(meta-llama/Llama-3.2-3B-Instruct) (Dubey
et al., 2024), and MistralLite-7B-32K 1, selected
for their capability to handle longer context lengths,
which is essential for processing extended reason-
ing chains, to determine the most effective one 2.
Fine-tuned models consistently outperformed their
base counterparts in multi-task learning, with

1https://huggingface.co/amazon/MistralLite
2MistralLite was run with 4-bit quantization (load_in_4bit:

true). MistralLite was excluded from the final evaluation
Table 2 as it failed to produce outputs in the prompted format
most of the time making parsing and processing inconsistent
with other models

HypER_Phi3 performing best. Given this, we use
HypER_Phi3-3.8B and Phi-3-3.8B for subsequent
experiments. We employ Low-Rank Adaptation
(LoRA) (Hu et al., 2021), a parameter-efficient
fine-tuning method, with a rank of 8, a learning
rate of 2e − 5, and adapter modules applied to
attention layers. The training dataset is defined as
Dtrain =

∑N
i=1{(Ci, yi)}, where each reasoning

chain Ci is labeled as valid or invalid. The
multi-task setup (Section 2.2) enables reasoning
chain classification, invalid node detection, and
relevance prediction-leveraging extended context
to model fine-grained scientific dependencies.
We then evaluate the model’s ability to generate
hypotheses conditioned on validated chains.
Additional compute details are in Appendix E.

Metrics We evaluate classification performance
using accuracy, precision, recall, and F1. For in-
valid node identification, we report Jaccard simi-
larity (Thada and Jaglan, 2013) to see the invalid
node overlap. Hypothesis quality is assessed in
terms of novelty, plausibility, and alignment with
literature, following the judging protocols of (Baek
et al., 2024a) for both LLM-as-a-judge and human
judges. Novelty is measured following Lu et al.
(2024) by iterative literature queries and decides
if an idea introduces new insights. We expect that
the rationale and hypothesis generated by HypER
will focus more on the valid part of a noisy chain
and exhibit more coherence than the base model
in the presence of noise. Hence, we evaluate the
coherence and the groundedness of the generated
rationale and hypothesis. Besides human evalua-
tion of the above, we also computed groundedness
as faithfulness to the input chain in terms of Align-
score (Zha et al., 2023).

5 Experimental Results

To systematically evaluate our approach, we investi-
gate the following research questions, aligned with
the core objectives of reasoning chain validation
and hypotheses generation:

RQ1: Can HypER differentiate between valid and
invalid reasoning chains? Hypothesis genera-
tion often suffers from noisy information due to
weak conceptual links in retrieved literature. Ta-
ble 2 shows HypER_Phi3-3.8B (as HypER) signifi-

2Faithfulness refers to how well the rationale and hypothe-
sis reflect the content and logic of the input chain, measured
by Alignscore.
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Task Model Accuracy Precision Recall F1-score Support

Classification Performance

1-hop
Phi3-3.8B 23.41% 0.80 0.23 0.17 819
Llama-3.2 35.16% 0.79 0.35 0.35 819

HypER_Phi3-3.8B 72.04% 0.84 0.72 0.77 819
HypER_Llama-3.2 73.87% 0.84 0.74 0.78 819

multi-hop-A
Phi3-3.8B 76.86% 0.77 0.77 0.77 510
Llama-3.2 58.24% 0.62 0.58 0.55 510

HypER_Phi3-3.8B 84.71% 0.85 0.85 0.85 510
HypER_Llama-3.2 80.78% 0.82 0.81 0.81 510

multi-hop-C
Phi3-3.8B 55.69% 0.61 0.56 0.50 510
Llama-3.2 55.10% 0.55 0.55 0.54 510

HypER_Phi3-3.8B 85.66% 0.86 0.86 0.86 509
HypER_Llama-3.2 90.39% 0.92 0.90 0.90 510

Invalid Node Identification (Invalid Paper ID Matching)
Precision Recall F1-score Jaccard Sim.

multi-hop-A
Phi3-3.8B 0.09 0.19 0.11 0.48
Llama-3.2 0.09 0.19 0.11 0.24

HypER_Phi3-3.8B 0.30 0.34 0.30 0.65
HypER_Llama-3.2 0.27 0.32 0.28 0.60

multi-hop-C
Phi3-3.8B 0.12 0.24 0.14 0.21
Llama-3.2 0.06 0.09 0.06 0.39

HypER_Phi3-3.8B 0.30 0.33 0.30 0.66
HypER_Llama-3.2 0.30 0.33 0.30 0.66

Overall Performance

Metric Phi3-3.8B HypER_Phi3-3.8B Llama-3.2 HypER_Llama-3.2 mistral (4 bits) HypER_mistral (4 bits)

Average F1-Score 0.468 0.616 0.414 0.614 N/A 0.43

Table 2: Comparison of baselines (Phi3-3.8B, LLaMA 3.2) with and without HypER fine-tuning, HypER_* rows
reflect models finetuned with multi-task supervision over the chain dataset. Baseline models are instruction-tuned
only, without access to chain structure or intermediate reasoning signals. Full per-class breakdowns for the
classification task using HypER_Phi3-3.8B are available in Table 5 of Appendix F.

cantly improves the Phi3-3.8B base-model (base-
line) across all tasks. In one-hop relevance classifi-
cation, HypER improves F1-score from 17% to 77%,
indicating its strong ability to capture fine-grained
scientific dependencies. For multi-hop chain val-
idation, HypER achieves 85% (↑8) and 86% (↑36)
over the Phi3-3.8B base model on both multi-hop
chain validation tasks, respectively. HypER is also
much better at identifying incorrect papers in in-
valid chains, with a Jaccard similarity (overlapping
lists) of 0.65 vs. 0.48 by Phi3-3.8B. Overall, HypER
improves reasoning chain classification by +22%
F1 over the base model, averaged across two multi-
hop validation tasks, making it more effective at
scientific reasoning tasks to enhance hypothesis
generation with explanation. Û Takeaway: HypER
effectively distinguishes valid from invalid reason-
ing chains in noisy literature graphs, demonstrating
strong performance across multi-tasks.

RQ2: Does reasoning chain validation improve
the quality of generated hypotheses? We eval-
uate this using both automatic and human assess-
ments.

Automatic evaluation: While there are many
existing methods to generate hypotheses, they of-

Model Chain Novelty Explanation groundedness

Base-model 1-shot
valid 20/30 0.305 ± 0.12

easy negative 47/72 0.303 ± 0.11
hard negative 20/27 0.269 ± 0.14

HypER 1-shot
valid 18/30 0.327 ± 0.14

easy negative 44/70 0.364 ± 0.11
hard negative 11/26 0.324 ± 0.18

Table 3: HypER is better able to ground hypotheses
than the base model on the subset of the test-data (2024-
target chains).

ten lack justification of how the hypothesis was
formed. We evaluated novelty and groundedness
of rationale on 2024-target chains (Table 3). Hy-
pER consistently outperforms base models across
valid and noisy chain types, generating better-
supported rationales. For valid chains, HypER
achieves a groundedness score of 0.327 ± 0.14,
compared to 0.305± 0.12 for the base model, sug-
gesting that reasoning chain validation enhances
the model’s ability to ground hypotheses in sci-
entific evidence. Interestingly, for hard negative
chains, HypER exhibits significant alignment with
valid part of the chain, suggesting that the model
can identify and leverage coherent reasoning struc-
tures within partially invalid chains. However, a
PubMedBERT (Gu et al., 2021) embedding-based
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Figure 4: Example of a hypothesis generated by HypER. The output includes the model-generated rationale, research
idea, and hypothesis, along with automated (LLM-as-judge) and expert evaluations. Expert reviewers rated the
output as relevant, feasible, and clearly connected to prior literature, with moderate novelty and impact. See
Appendix H for more details and a contrasting case.

similarity analysis between consecutive papers re-
veals similar semantic overlap for valid and invalid
citation-based chains (valid: 0.988±0.005, invalid:
0.987± 0.006). This indicates that semantic simi-
larity alone does not guarantee logical coherence,
emphasizing the need for explicit reasoning val-
idation in hypotheses generation. Û Takeaway:
Validating reasoning chains enhances HypER’s abil-
ity to generate hypotheses that are more plausibly
grounded in scientific evidence, even in the pres-
ence of a noisy reasoning chain (0.269-0.303 to
0.324-0.364 on negative chains). For automated
comparisons with larger proprietary models such
as GPT-4o, see Appendix I.1.

Human Evaluation: We asked 10 medical ex-
perts from Upwork (details in appendix H) to eval-
uate the quality of the analysis, rationale, research
idea, and hypothesis generated by HypER_Phi-3-
3.8B. We gave five of each type of chains (valid,
easy negative, and hard negative) to at least 3 ex-
perts and asked whether the model’s analysis was
correct for every paper in the chain. They also an-
swered the following questions on a 5-point Likert
scale: 1. whether the rationale followed from the
analysis, 2. whether the research idea followed
from the rationale, 3. clarity of hypothesis, 4.
originality (when compared with the articles in
the chain) of hypothesis, 5. feasibility of the hy-
pothesis, and 6. impact of the hypothesis. For
clarity, originality, feasibility, and impact, we fol-
low the same rubric as the LLM-as-judge (Baek
et al., 2024b). The ratings (µ± σ) were as follows:

(1) rationale consistency 3.47 ± 0.91, (2) research
idea consistency with rationale 3.9 ± 0.88, (3) hy-
pothesis clarity 3.88 ± 0.47, (4) originality 3.21
± 0.5, (5) feasibility 4.22 ± 1.2, and (6) impact
3.69 ± 0.54. Full rating breakdowns and exam-
ples are provided in Appendix H. As detailed in
Appendix H.3, we found moderate human-LLM
agreement on clarity (r = 0.53, ρ = 0.57) and im-
pact (r = 0.57, ρ = 0.51), but weaker alignment
on originality and feasibility (ρ = −0.08), high-
lighting that LLMs may overvalue fluency over
scientific grounding. Û Takeaway: Our results
(Figure 4) indicate that HypER_Phi-3-3.8B gener-
ates scientifically grounded novel hypotheses rather
than arbitrary hypotheses, making it a more reliable
tool for literature-based discovery.

6 Related Work

Providing structured explanation for hypotheses
has been emphasized in AI-driven drug discov-
ery (Sudhahar et al., 2024). In experimental sci-
ences, Boiko et al. (2023) integrate GPT-4 with
external tools such as web and document search,
while Abdel-Rehim et al. (2024) leverage hallu-
cinations to hypothesize novel pairs of FDA ap-
proved cancer drugs in breast cancer treatment,
arguing that the validity can ultimately be exper-
imentally verified. In the social sciences, Yang
et al. (2023) propose a multi-module framework for
feedback exploration. DiscoveryBench (Majumder
et al., 2024) formalizes hypotheses as semantic
trees, though focused on data-driven rather than
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literature-based discovery. Unlike these methods,
HypER incorporates explicit reasoning validation
by validating dependencies in literature graphs, en-
suring that hypotheses are derived from logically
coherent and evidence-backed research trajecto-
ries. Systems like SCIMON (Wang et al., 2023b)
and ResearchAgent (Baek et al., 2024a) support
LLM-based ideation but do not validate scientific
dependencies: SCIMON targets novelty without
structural justification, and ResearchAgent relies
on agent-based refinement with loosely connected
papers, but neither provides structured evidence
tracing how a hypothesis emerges. As shown in
Section 5, even invalid citation chains exhibit high
semantic similarity to valid ones (∼0.98), highlight-
ing that semantic similarity alone fails to capture
scientific reasoning -a distinction HypER explicitly
models (elaborated in Appendix A).

7 Conclusion

HypER introduces fine-grained reasoning validation
for literature-based hypothesis generation, ensur-
ing that generated hypotheses are not only plau-
sible but also scientifically grounded. Unlike
prior methods that rely on surface-level retrieval,
HypER constructs and validates structured reason-
ing chains, filtering out misleading connections and
reinforcing logical coherence. Our results show
that HypER_Phi-3-3.8B significantly improves AI-
supported hypothesis generation, making research
ideation more structured and evidence-driven. This
has broad implications–accelerating research, help-
ing scientists navigate complex literature, and push-
ing AI toward more structured scientific reasoning.

8 Limitations

Our approach construct chains using abstracts to fit
within model context limits and to circumvent the
scarcity of open-access full-text medical literature.
However, this abstract-based method does not fully
capture the real-world scientific discovery process,
where researchers have to read them in entirety,
after shortlisting the relevant articles. Additionally,
the necessary rigor of scientific literature review
process limited our human evaluation process. Due
to the complexity of assessing reasoning chains, we
conducted evaluations on a limited sample size. In
particular, our correlation analysis between expert
and LLM-as-judge ratings is based on just 15 exam-
ples, which may not capture the full variability in
evaluation behavior. While trends are informative,

these results should be interpreted with caution and
validated on larger datasets in future work. How-
ever, a challenging task as this would require more
elaborate and pragmatic evaluation.

Furthermore, our fine-tuned model inherits cer-
tain weaknesses from the base model such as copy-
ing from few-shot example, which may have lim-
ited the model performance in some generated in-
stances. While HypER is effective at filtering mean-
ingful reasoning paths from misleading ones, it
is not explicitly designed to optimize for novelty.
A future extension of this work could focus on
fine-tuning HypER to better balance plausibility and
novelty in hypothesis generation.

We did not include full-scale comparisons us-
ing proprietary models such as GPT-4o or fine-
tuning experiments with larger LLMs. Our ob-
jective is to train small, instruction-tuned mod-
els that are openly accessible, reproducibly fine-
tuned, and efficient to deploy. While constructing
the reasoning chains required costly citation graph
traversal and large-model queries, we distilled a
smaller model (Phi-3-mini) from a validated LLM,
enabling efficient inference while preserving rea-
soning quality. To benchmark HypER’s perfor-
mance, we conducted an automated output-level
evaluation against GPT-4o, showing that HypER
achieves comparable scores in originality (3.01 vs.
3.00) and significance (3.37 vs. 3.84). However,
since a comprehensive human evaluation would
be necessary for a fair and rigorous comparison,
we leave that to future work. See Appendix I for
further details.
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A Additional Related Work

A.1 Literature-based scientific discovery

Early approaches to hypothesis generation often
focused on linking concepts from distinct parts
of the literature to generate new hypotheses. A
seminal example of this is Swanson’s ABC model,
which identified hidden connections between seem-
ingly unrelated scientific papers (Swanson, 1986).
Recent advancements (Sybrandt et al., 2020; Nad-
karni et al.; Xu et al., 2023) include methods like
scientific knowledge edge link prediction (Nad-
karni et al.), which connects concepts in scien-
tific texts. These advancements leverage sophis-
ticated systems to analyze and predict new re-
lationships within the literature. For instance,
AGATHA, a deep-learning hypothesis generation
system (Sybrandt et al., 2020), introduces data-
driven insights to rank plausible term-pairs among
entity sets in the discovery process and achieving
high recommendation scores in various biomedi-
cal sub-domains. (Xu et al., 2023) used temporal
link prediction and text generation to verbalize a
new idea. Unlike these methods, HypER ensures
hypotheses are logically coherent by explicitly val-
idating scientific dependencies in literature graphs.
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System Citation Data Reasoning
Validation

Hypothesis Output Model Size

SCIMON ✓ ✗ ✓ Large
RESEARCHAGENT ✓ ✗ ✓ Large
(Kumar et al., 2024) ✗ ✗ ✓ Large
HYPER (OURS) ✓ ✓ ✓ Small (3.8B)

Table 4: Comparison of literature-based hypothesis generation systems. HypER uniquely combines validated
citation reasoning with multi-task fine-tuning to produce grounded hypotheses in small models.

A.2 Comparison with related ideation systems

Our goal is to generate hypotheses explicitly con-
nected to the literature via reasoning chains; SCI-
MON’s goal (Wang et al., 2023a) is to generate hy-
potheses optimized for novelty (literature-inspired,
but with no formal connection to the literature).
ResearchAgent (Baek et al., 2024a) similarly gen-
erates hypotheses through agent interactions, but
again without a structure explaining how the hy-
pothesis follows from specific papers. Thus, neither
system would be able to distinguish valid and in-
valid reasoning chains, but that would not be a fair
comparison as that is not what they were designed
for. While SCIMON and ResearchAgent rely on
semantic similarity (e.g., abstracts and citations) to
guide idea generation, they do not validate logical
reasoning between connected ideas. This distinc-
tion is critical because, as reported in section 5,
high semantic similarity (∼0.98) between consec-
utive papers (both valid and invalid) highlights
that semantic overlap alone is insufficient to en-
sure valid reasoning. Another approach by (Kumar
et al., 2024) generates ideas using full-text inputs,
while HypER focuses on validating citation-based
reasoning chains with a distilled model, making
direct comparison less applicable. A comparative
summary of these systems is provided in Table 4,
highlighting the differences in reasoning validation,
citation use, and model size.

A.3 Additional Discussion

Implications for Related Work Generation Re-
cent work (Li and Ouyang, 2024) has highlighted
that many related work generation (RWG) mod-
els fail to correctly order and group citations, often
placing unrelated works together and reducing read-
ability. Our reasoning chain validation approach
can help address this by ensuring that only log-
ically connected papers are grouped, promoting
more coherent and interpretable citation structures.
Moreover, RWG models typically assume that a
set of relevant citations is provided, which is not

always realistic. In contrast, HypER’s ability to
identify intermediate reasoning chains opens up
the possibility of retrieval-augmented citation dis-
covery - suggesting missing yet relevant works and
improving the completeness of the related work sec-
tion. We believe this points to a promising future
direction, where reasoning-based approaches can
strengthen automatic RWG systems by grounding
citation structure in validated scientific dependen-
cies.

B Summary of Valid Reasoning Chains

We constructed a total of 379 reasoning chains,
each representing a structured progression of ideas
connecting a source paper to a hypothesis. The
lengths of these chains varied from 1 to 27 papers,
with an average length of 9.04 (σ = 4.76), reflect-
ing diverse complexities in reasoning paths. Ap-
proximately 53.03% (201 chains) concluded with
papers published in 2023 or 2024. The cumulative
citation counts of the 379 reasoning chains ranged
from 0 to 19’219, with a median of 680. Chains
concluding in 2023/2024 exhibited slightly higher
structural complexity, as indicated by their greater
average length of 10.94 (σ = 4.39) and a median
citation count of 869.0, highlighting their temporal
depth and influence in capturing recent research
trends. A detailed analysis of chain length distribu-
tions and their relationship to cumulative citation
counts is provided in Figure 5. Figure 5 illustrates
the relationship between length and citation impact
across all chains. Longer chains tend to incorpo-
rate more highly cited papers, the relationship is
not strictly proportional or linear, as other factors
influence citation counts.

We computed the fraction of papers with a rel-
evance score of 2 (excluding the first paper) for
each reasoning chain. The mean relevance fraction
was 0.71, with 56.20% (213 chains) exceeding this
threshold. Notably, 19.26% (73 chains) were fully
relevant (fraction = 1.0), while 12.92% (49 chains)
had fractions below 0.5. These results indicate that
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most reasoning chains have a high proportion of
relevant papers, demonstrating strong connections.
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Figure 5: (Top) Distribution of chain lengths for all
chains (orange) and 2023/2024 chains (blue). (Bottom)
Chain length vs. cumulative citation count, illustrat-
ing the relationship between length and citation impact
across all chains.

C Sampling reviews and PubMed
abstracts from RCT dataset.

Our data source consists of ≈4.5K systematic re-
views of randomized control trials (RCT), each
linked to a set of abstracts and spanning several
subdisciplines of medicine. To encourage novel
interdisciplinary discovery and for targeted expert
evaluation, we sampled reviews from 4 distinct yet
interacting subdisciplines of medicine. We used a
sampling strategy called vote-k (SU et al., 2023).
Vote-k prioritizes instances with more neighbors
(votes) while maintaining diversity by penalizing
selections too similar to already chosen samples.
This ensures balanced representation from each
domain. Using the reviews and associated ab-
stracts from the selected sub-disciplines, we will
construct the input chains, which will serve as the
basis for our experiments. The following are the
selected subdisciplines: (1) Endocrinology: The
study of hormones and glands that control things
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Figure 6: Mean scores with standard deviation error bars
across random seeds and their alignment with majority
vote results.

like growth, metabolism, and reproduction. (2)
Cardiology: The study of the heart and blood ves-
sels, focusing on heart diseases and related con-
ditions. (3) Rheumatology: The study of joint,
muscle, and autoimmune diseases like arthritis and
lupus. (4) Gastroenterology and Hepatology: The
study of the digestive system. Gastroenterology
covers the stomach and intestines, while Hepatol-
ogy focuses on the liver and related organs.

D Relevancy scoring using Llama-3.1-70B

The analysis of 50 papers using Llama-3.1-70B
across 20 random seeds reveals moderate consis-
tency in relevancy scoring. The overall mean de-
viation from the majority vote was 0.269, with a
standard deviation of 0.197, indicating variability
in individual runs. Fleiss’ Kappa score of 0.458
suggests moderate agreement among the relevancy
scores. Figure 6 highlights the variability of scores
across random seeds and their alignment with the
majority vote results.

The LLM’s predictions show varying degrees of
agreement with individual experts: Cohen’s Kappa
values of 0.521, 0.382, and 0.384, with percent-
age agreements of 68.63%, 58.82%, and 60.78%,
respectively. When compared against the major-
ity vote of human experts, the LLM achieved a
Cohen’s Kappa of 0.459 and a percentage agree-
ment of 64.71%, indicating moderate agreement.
Expert annotations also revealed variability in inter-
annotator agreement, with Cohen’s Kappa scores of
0.472 between expert1 and expert2, 0.382 between
expert1 and expert3, and 0.251 between expert2
and expert3. On average, inter-annotator agree-
ment reached a Cohen’s Kappa of 0.368± 0.091

Dataset quality under moderate agreement To
assess dataset quality, we examined alignment be-
tween LLaMA-3.1-70B-Instruct and expert rea-
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soning. Given the subjectivity of scientific rele-
vance, moderate agreement is expected. Since our
chain construction approach (Section 3) selects the
most relevant paper (score = 2) at each hop, falling
back to less relevant (score = 1) only if none are
available, we examined false positives where the
model rated a paper as 2 but experts rated it 0.
These disagreements between the model and ex-
perts were much lower for relevant papers, and the
value is 7.8%, 2.0%, and 0% respectively for ex-
pert1, expert2, and expert3 – suggesting the model
rarely selects clearly irrelevant papers as top candi-
dates. This supports its use as a practical, context-
aware reasoning proxy for large-scale relevance
judgments in scientific chain construction.

E Training specifics

To achieve a balanced dataset, longer valid chains
were split into overlapping sub-chains of up to 5
papers while retaining the original chains. The final
count of 3, 523 chains reflects this balancing pro-
cess rather than the number of initially constructed
reasoning chains. Figure 3 illustrates the distribu-
tion of valid and invalid chains across train, vali-
dation and test splits and the proportion of chains
ending in 2023 or 2024.

We employ Low-Rank Adaptation (LoRA) (Hu
et al., 2021), a parameter-efficient fine-tuning
method, with a rank of 8, a learning rate of 2e− 5,
and adapter modules applied to attention layers. We
used the Axolotl framework3 for managing LoRA
fine-tuning pipelines and reproducibility across
small LLMs. Each reasoning chain is tokenized to
include paper titles, abstracts, and extracted target
hypotheses (optionally), forming structured input
sequences. All experiments were conducted on
a high-performance computing system equipped
with 8 NVIDIA GeForce RTX 4090 GPUs.

F Reasoning path validity prediction task

Table 5 shows the break-down of the performance
by HypER_Phi-3 on different classes corresponding
to each multi-tasks.

G Impact of Chain length

We also tested how chain length influenced HypER’s
performance. We expected that longer reason-
ing chains would capture more complex research

3https://github.com/OpenAccess-AI-Collective/
axolotl

Label Precision Recall F1-score Support

HypER1−hop

Score 0 0.92 0.79 0.85 574
Score 1 0.13 0.57 0.22 42
Score 2 0.77 0.54 0.64 203

Accuracy 72.04% 819
Macro Avg 0.61 0.64 0.57 819
Weighted Avg 0.84 0.72 0.77 819

HypERmulti−hop−A

Invalid 0.81 0.91 0.86 253
Valid 0.90 0.79 0.84 257

Accuracy 84.71% 510
Macro Avg 0.85 0.85 0.85 510
Weighted Avg 0.85 0.85 0.85 510

HypERmulti−hop−C

Invalid 0.82 0.91 0.86 252
Valid 0.90 0.80 0.85 257

Accuracy 85.66% 509
Macro Avg 0.86 0.86 0.86 509
Weighted Avg 0.86 0.86 0.86 509

Table 5: Detailed per-class classification performance
for all classification tasks in HypER_Phi-3 evaluation.
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Figure 7: Classification performance (HypER_Phi3) on
test data with categories of chain (Low, Moderate, and
High) based on length.

progressions but might introduce irrelevant infor-
mation. We analyze how HypER performs across
small, moderate, and long chains in the reasoning
chain validation task. We observe that HypER per-
formance of chain validity classification achieves
highest stability with moderate and longer chains
(6+ papers), as shown in Figure 7. For moderate-
length chains (6-15 papers), the F1-score reaches
72.96%, while shorter chains (≤ 5 papers) perform
worse at 58.94% due to limited context. Longer
chains (≥ 16 papers) achieve the highest overall
F1-score (84.64%), indicating additional context
strengthens reasoning validation rather than exces-
sive noise. Despite expectations, HypER maintains
strong recall on longer chains suggesting richer
context helps in validation rather than hindering it.
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Figure 8: Example of a hypothesis generated by HypER from an invalid reasoning chain. The generated rationale,
research idea, and hypothesis are evaluated by both LLM-as-judge and human experts. While the output demonstrates
moderate clarity and feasibility, expert feedback highlights limitations in grounding, originality, and alignment with
the cited literature. The input prompt used for generation is provided in Listing 3.

H Human evaluation analysis

H.1 Recruiting experts

We recruited 10 medical and scientific experts
through Upwork, a global freelancing platform
that enabled us to identify professionals with rele-
vant expertise in healthcare, clinical research, and
scientific analysis. The evaluators included Doc-
tors of Medicine (MDs) (4), Biomedical Scientists
(2), Pharmaceutical Researchers (2), and Public
Health Experts (2), whose expertise spanned clini-
cal practice, biomedical research, pharmaceutical
regulation, and scientific content evaluation. To
verify their suitability, we had multiple conversa-
tions with experts and provided them with sam-
ple tasks (e.g., evaluation criteria along with an
example-generated hypothesis and details as men-
tioned in section 4 and Listing 1). This process
helped us confirm that they were well-equipped to
perform the evaluation. These diverse backgrounds
ensured a useful and reliable evaluation of HypER’s
generated hypotheses and explanations, and make
our evaluation unusually thorough compared with
studies that have used non-experts (even the paper
authors themselves) to attempt to judge hypothesis
quality.

H.2 Expert evaluation analysis

Our human evaluation of HypER’s results provided
several noteworthy insights that highlight both its
strengths and areas for further improvement:

The expert analysis for the example output gener-
ated in Figure 4 highlights that the first two papers
effectively build on the original study by demon-
strating the impact of nurse-CHW interventions
on diabetes management, while Papers 3 and 4 fo-
cus on unrelated topics. The rationale accurately
reflects this model’s evaluation, and the proposed
research idea logically explores the long-term effec-
tiveness of these interventions. The expert provided
a recent 2024 study (to which the model did not
have access) that indicates that ongoing research
trends align closely with the generated hypothesis,
supporting its feasibility and relevance.

In the second example output generated in Fig-
ure 8, the expert acknowledged that the rationale
appropriately connected probiotics, immune re-
sponse, and gut health but noted that it was only
partially supported by the referenced papers in the
chain. The research idea, exploring the impact
of L. reuteri on the gut-lung axis in Crohn’s dis-
ease patients, was critiqued for combining unre-
lated conditions, suggesting that a more focused
approach would be preferable. The hypothesis
was considered feasible but was assessed as having
moderate originality and average significance, with
limited innovation. The expert also referenced an
earlier study (https://pmc.ncbi.nlm.nih.gov/
articles/PMC3463044/) that discussed gut mi-
croflora and Crohn’s disease but did not specifically
address the proposed focus on L. reuteri.
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Metric Expert Rating LLM-as-judge Rating

Clarity 3.88± 0.47 3.28± 0.76
Originality 3.21± 0.50 2.91± 0.27
Feasibility 4.22± 1.20 3.20± 0.50
Impact 3.69± 0.54 3.42± 0.56

Table 6: Comparison of expert and LLM-as-judge eval-
uation scores (µ ± σ) for hypotheses generated by
HypERPhi-3.

Metric Pearson Correlation Spearman Correlation

Clarity 0.531 0.567
Originality 0.270 0.183
Impact 0.573 0.510
Feasibility 0.376 −0.082

Table 7: Correlation between human and LLM-as-judge
ratings across evaluation dimensions. While clarity and
impact show moderate alignment, originality and feasi-
bility demonstrate weaker or inconsistent agreement.

H.3 Expert vs. LLM Evaluation

Table 6 shows that expert and LLM-as-judge rat-
ings broadly correlate across evaluation dimen-
sions. The scoring protocol used by the experts
and judge agent is given in Listing 2. Human rat-
ings are consistently higher, particularly in fea-
sibility and clarity. To quantify this alignment,
we computed Pearson and Spearman correlations
across 15 examples (see Table 7 and also Figure 9).
While clarity (r = 0.53, ρ = 0.57) and impact
(r = 0.57, ρ = 0.51) show moderate correlation,
originality and feasibility exhibit weaker agree-
ment, with feasibility showing near-zero rank cor-
relation (ρ = −0.08). These results suggest that
LLMs may favor surface-level fluency over scien-
tific plausibility, leading to occasional divergence
from expert judgment, especially on harder or nois-
ier examples.
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Figure 9: LLM vs. Human Ratings

I Supplementary Comparison

Due to space constraints, we provide an auto-
mated comparison between HypER and GPT-4o to
evaluate the quality of generated hypotheses here.
This comparison follows the same LLM-as-judge
scoring protocol described in Listing 2, adapted
from (Baek et al., 2024a).

Evaluation Protocol. Both GPT-4o and Hy-
pER_Phi3 were prompted with the same input rea-
soning chains from the test set, and their gener-
ated hypotheses were rated using LLM-as-judge
framework (based on GPT-4). Each hypothesis was
scored along the five axes defined in the scoring
rubric: Clarity, Relevance, Originality, Feasibil-
ity, and Significance, using 5-point Likert-scale
ratings.

I.1 Comparison with GPT-4o

While this evaluation protocol may confer
an advantage to GPT-4o, HypER (backboned
by Phi-3-mini-128k-instruct-3.8B) still
achieved comparable scores in key dimensions
such as originality and significance.

Dimension GPT-4o HypER_Phi-3

Clarity 4.00 3.35
Relevance 3.96 3.35
Originality 3.00 3.01
Feasibility 3.53 3.15
Significance 3.84 3.37

Table 8: Automated LLM-as-judge evaluation of hy-
potheses generated by GPT-4o and HypER.

From these results, GPT-4o outputs are slightly
clearer and more relevant, while HypER (built on
Phi-3-mini with only 3.8B parameters) performs
comparably in originality and significance - sug-
gesting that distilled models can approach SOTA.

I.2 Baseline Comparison: Abstract-only Phi-3

To further isolate the contribution of HypER’s
reasoning-driven generation, we compared it
against the base Phi-3 model prompted only with
the source abstract (i.e., without any intermediate
reasoning chain). This setup reflects a naive base-
line without explicit guidance. The same LLM-as-
judge evaluation protocol was applied. We provide
a dimension-wise analysis in Table 9:
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Dimension Phi-3 (Abstract-only) HypER_Phi-3

Clarity 3.80 3.35
Relevance 3.72 3.35
Originality 2.95 3.01
Feasibility 3.28 3.15
Significance 3.69 3.37

Table 9: LLM-as-judge evaluation comparing naive Phi-
3 (abstract-only) and HypER_Phi-3 (reasoning-guided).

While abstract-only baseline LLM can generate
creative, open-ended hypotheses, they often lack
reasoning over literature and identification of evi-
dence gaps. The abstract-only baseline reflects this,
producing fluent but generic outputs. In contrast,
HypER uses validated reasoning chains to generate
more original, evidence-backed hypotheses aligned
with our goal of structured, literature-grounded gen-
eration.

I.3 Focus of Evaluation
While we report scores for all five dimensions for
completeness, we emphasize that our primary ob-
jective is not to optimize for originality. Hy-
pER is fine-tuned to identify coherent, evidence-
backed reasoning chains and generate hypotheses
grounded in scientific dependencies, rather than
unconstrained novelty. Thus, its strength lies not in
stylistic surface quality but in its ability to reason
over noisy literature graphs and produce outputs
that are more meaningful in scientific contexts.

Importantly, what we obtain from HypER is not
just a hypothesis, but a full explanation that an-
alyzes the reasoning chain, identifies knowledge
gaps, and formulates a research idea as a spe-
cific, evaluable hypothesis. Therefore, optimizing
solely for surface-level dimensions such as clarity
or fluency-where large language models like GPT-
4o may have an inherent advantage-would defeat
the core purpose of HypER. Our design objective
is not stylistic polish, but faithful alignment with
scientific reasoning and tractable research genera-
tion.

A more thorough evaluation using diverse LLM-
as-judge setups or human expert feedback could be
a valuable future direction, but is considered out of
scope for this work.

J Study Instructions and Prompts

Detailed study instruction we have used for the
expert evaluation is provided in Listing 1. The
scoring protocol used by the experts and judge
agent is given in Listing 2.

The prompts we used for llama relevancy scoring
is detailed in Listing J. The hypotheses generation
prompt is illustrated in Listing 3, and the prompt
used for the judge agent is shown in Listing 4.
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Example of a valid reasoning chain

Title: Evidence suggesting that a chronic disease self-management program can improve health status while reducing
hospitalization
Abstract: This study evaluated the effectiveness (changes in health behaviors, health status, and health service
utilization) of a self-management program for chronic disease ...
Year: 1999
Citation Count: 2315
Relevance: – (Source Paper)

Title: Effectiveness of a community health worker intervention among African American and Latino adults with type 2
diabetes
Abstract: We tested the effectiveness of a culturally tailored, behavioral theory-based community health worker
intervention for improving glycemic...
Year: 2011
Citation Count: 332
Relevance: 2
explanation: This paper is partially dependent on the findings of the source paper, as it investigates the effectiveness of
a community health worker intervention for improving glycemic control, which is a related topic to the source paper’s
focus on self-management programs for chronic disease patients.

Title: Nurse–Community Health Worker Team Improves Diabetes Care in American Samoa
Abstract: To evaluate the effectiveness of a culturally adapted, primary care-based nurse community health worker
(CHW) team intervention to support diabetes self-management on diabetes control ...
Year: 2013
Citation Count: 100
Relevance: 2
explanation: The key hypothesis in this paper is at least partially dependent on the findings of the source paper, as it
evaluates the effectiveness of a nurse-community health worker team in improving diabetes care, building on the source
paper’s results regarding community health worker interventions for diabetes management.

Title: Impact of a diabetes control and management intervention on health care utilization in American Samoa
Abstract: To examine the impact of a successful 12-month behavioral intervention to improve diabetes control on
health care utilization in American Samoa....
Year: 2014
Citation Count: 17
Relevance: 2
explanation: This paper examines the impact of a successful 12-month behavioral intervention to improve
diabetes control on health care utilization in American Samoa, and builds upon the source paper’s findings on
the effectiveness of a culturally adapted nurse-community health worker team intervention in improving diabetes control.

Title: Diabetes training for community health workers on an American Indian reservation
Abstract: A quality improvement program aimed at enhancing the knowledge and skills of community health workers
in managing diabetes through formal training...
Year: 2018
Citation Count: 16
Relevance: 2
explanation: This paper is closely related to the source paper, as it focuses on training community health workers to
improve diabetes management, which aligns with the source paper’s intervention. Moreover, the paper’s emphasis on
community health worker training can be seen as a sub-hypothesis of the source paper’s findings on the effectiveness of
a community health worker diabetes intervention. Therefore, this paper is at least partially dependent on the findings of
the source paper.

Title: What Is the Impact of a Context-Specific Training Program for Home-Based Carers? An Evaluation Study
Abstract: This study evaluated a training program for home-based carers in South Africa, aiming to improve diabetes
care knowledge and skills...
Year: 2020
Citation Count: 2
Relevance: 1
explanation: This paper is inspired by the hypothesis of the source paper, as it also investigates the impact of
training on the knowledge and skills of community health workers, specifically home-based carers, in managing diabetes.

Table 10: Example reasoning chain with the relevancy score computed and the corresponding explanation
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Example of an invalid reasoning chain

Title: Lactobacillus paracasei feeding improves immune control of influenza infection in mice
Abstract: Respiratory tract infections such as flu cause severe morbidity and mortality and are among the leading
causes of death in children and adults worldwide. Commensal microbiota ...
Year: 2017
Citation Count: 80
Relevance: – (Source Paper)

Title: Akkermansia muciniphila Improves Host Defense Against Influenza Virus Infectio
Abstract: Influenza virus infection can alter the composition of the gut microbiota, while its pathogenicity can, in
turn,...
Year: 2021
Citation Count: 44
Relevance: 1
explanation: This paper explores the effects of Akkermansia muciniphila on influenza virus infection, which is related
to the source paper’s topic of using probiotics (Lactobacillus delbrueckii ssp. bulgaricus OLL1073R-1) to enhance
humoral immune responses against influenza A virus. However, the connection is not direct, and the paper does not
build upon the source paper’s findings

Title: Akkermansia muciniphila: The state of the art, 18 years after its first discovery
Abstract: Akkermansia muciniphila (A. muciniphila) is an anaerobic, Gram negative and mucin-degrading bacterium
of the phylum...
Year: 2022
Citation Count: 9
Relevance: 0
explanation: This paper is a review of the current state of knowledge on Akkermansia muciniphila, which is the
main subject of the source paper. However, it does not build upon the findings of the source paper or propose a new
hypothesis inspired by it.

Table 11: Example reasoning chain (invalid) with the relevancy score computed and the corresponding explanation.
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Example of generated results

"generated_research_idea" : { "Analysis": ’0’: ’The paper by Pharmacological interventions for peripheral artery
disease (2007) discusses the need for well-designed protocols to evaluate the effectiveness of various treatments for
PAD, including exercise training, smoking cessation, and antiplatelet therapy. This paper sets the stage for evaluating
the effectiveness of buflomedil in diabetic subjects with intermittent claudication by providing a framework for future
studies.’,
’1’: ’The Importance of Conservative Measures in Peripheral Arterial Disease: An Update (2008) does not directly
build upon the previous papers but emphasizes the importance of conservative measures in managing PAD. It highlights
the need for further research on the effectiveness of pharmacological interventions, including buflomedil, in improving
walking distance and reducing cardiovascular risk.’,
’2’: ’Ankle2̆014Brachial Index: A Marker of Both Peripheral Arterial Disease and Systemic Atherosclerosis As Well As
a Predictor of Vascular Events (2010) does not directly build upon the previous papers but underscores the significance
of the ankle-brachial index as a diagnostic tool for PAD.’,
’3’: ’Contemporary Management of Infrapopliteal Peripheral Arterial Disease (2011) does not directly build upon the
previous papers but reviews the historical challenges and limitations of surgical and endovascular interventions for
infrapopliteal PAD.’,
’4’: ’Drug eluting stents in the treatment of below the knee arterial occlusive disease (2013) is not relevant to the
research topic and should be ignored.’,
’5’: ’Initial Experience With the Absorb Bioresorbable Vascular Scaffold in Infrapopliteal Artery Disease (2015) and
Early and Midterm Experience With the Absorb Everolimus-Eluting Bioresorbable Vascular Scaffold in Asian Patients
With Chronic Limb-Threatening Ischemia (2020) discuss the use of a bioresorbable vascular scaffold for treating
infrapopliteal artery disease. These papers build upon the previous research by demonstrating the feasibility and safety
of using this device in patients with critical limb ischemia.’,
’6’: ’Lessons Learned Regarding Handling and Deployment of the Absorb Bioresorbable Vascular Scaffold in In-
frapopliteal Arteries (2017) provides technical details and considerations for the successful use of the Absorb BVS
in infrapopliteal artery disease. It builds upon the previous papers by offering insights into the practical aspects of
deploying this device in a clinical setting.’,
’7’: ’Three-Year Results of the Absorb Everolimus-Eluting Bioresorbable Vascular Scaffold in Infrapopliteal Arteries
(2018) reports the midterm performance of the Absorb BVS in patients with infrapopliteal artery disease. It builds upon
the previous papers by providing long-term follow-up data on safety and efficacy.’,
’8’: ’Early and Midterm Experience With the Absorb Everolimus-Eluting Bioresorbable Vascular Scaffold in Asian
Patients With Chronic Limb-Threatening Ischemia (2020) provides additional data on the performance of the Absorb
BVS in a diverse patient population. It builds upon the previous papers by contributing to the understanding of the
device’s effectiveness in different clinical scenarios.’,
’9’: ’Drug-Eluting Resorbable Scaffold versus Angioplasty for Infrapopliteal Artery Disease (2023) compares the
outcomes of using a drug-eluting resorbable scaffold versus angioplasty in patients with infrapopliteal artery disease.
It builds upon the previous papers by providing a direct comparison of the two treatment modalities in a randomized
controlled trial.’",
"Rationale": "The progression of research on the treatment of infrapopliteal artery disease has evolved from evaluating
the clinical and hemorheological effects of buflomedil (source paper) to assessing the feasibility and safety of using
bioresorbable vascular scaffolds (BVS) for this condition. The focus has shifted towards comparing the long-term
outcomes and effectiveness of different treatment options, including drug-eluting BVS, in patients with critical limb
ischemia. This progression highlights the need for high-quality evidence to guide treatment decisions in this challenging
patient population. To advance the field, a research idea that builds upon these studies while addressing their limitations
and incorporates novel aspects is needed."
"Research idea": "Feasibility and safety assessment of drug-eluting BVS in patients with critical limb ischemia due
to infrapopliteal artery disease. This research problem aims to provide high-quality evidence on the effectiveness of
drug-eluting BVS compared to angioplasty in improving clinical outcomes and limb salvage rates in patients with
critical limb ischemia. The study will also assess the feasibility of using drug-eluting BVS in complex, calcified
lesions."
"Hypothesis": "In patients with critical limb ischemia due to infrapopliteal artery disease, drug-eluting BVS will result
in higher primary patency rates, lower rates of major adverse limb events, and improved limb salvage rates compared to
angioplasty at 1 year. The feasibility of using drug-eluting BVS in complex, calcified lesions will be assessed based on
the rate of successful implantation and technical success." }

Table 12: Example of generated analysis, Rationale, Research idea and Hypothesis for a given source paper and
reasoning chain.
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Relevancy Scoring Prompt

system = f"""You are a helpful assistant designed to evaluate scientific literature."""
user = f""" Hypotheses are frequently the starting point when undertaking the empirical portion

of the scientific process. They state something that the scientific process will attempt
to evaluate, corroborate, verify, or falsify. Their purpose is to guide the types of data
we collect, analyses we conduct, and inferences we would like to make. You are a scientist.
Your job is to construct a novel and impactful hypothesis by navigating the literature.

...

...

...

...

We have retrieved a knowledge graph of literature for you. You are given a source paper and
a list of papers that followed from the source paper....

You are evaluating the relevance of the following papers to the source paper. Starting
from the source paper, you will analyze the following papers in this way. For every
paper in the list, you output 0, 1, 2:

...

...
0: This paper has no connection with the source paper or this paper is a review paper

(e.g., Cochrane reviews, systematic reviews). Review papers often include terms like
"Review" or "Meta-Analysis," summarize existing literature, and lack novel hypotheses
or findings.

...

...

...
1: The key hypothesis in this paper is inspired by the hypothesis or the finding from the

source paper...
2: The key hypothesis in this paper is at least partially dependent on the findings of the

source paper. In other words the source papers contain some sub-hypotheses for the
current hypothesis.

...

...

Explain your answer.

If there are 5 papers, your answer should contain an enumerated list of length 5.

Finally, identify the top-3 relevant papers from the list based on the highest relevance
score (2 > 1 > 0). If there are fewer than 3 most relevant papers (with scores 1 or 2),
include only the available ones. If no relevant papers are found, leave the
"top3_relevant_papers" section empty.

...

...

...

Few-shot examples:
{few_shot_prompt}

Source Paper:
Title: {source_title}
Abstract: {source_abstract}

Papers from the Year {year}:
{paper_list}

Output a JSON object in the following format:
```json
{{

"paper_list": {{
"1.Title of the First Paper": {{

"explanation": "Explanation of the connection to the source paper.",
"relevance": 0, 1, or 2

}},
"2.Title of the Second Paper": {{

"explanation": "Explanation of the connection to the source paper.",
"relevance": 0, 1, or 2

}},
...

}},
"top3_relevant_papers": {{

"1.title of the first relevant paper": {{
"explanation": "Explanation of the connection to the source paper.",
"relevance": 1, or 2

}},
"2.Title of the second relevant paper": {{

"explanation": "Explanation of the connection to the source paper.",
"relevance": 1, or 2

}},
"3.Title of the third relevant paper": {{

"explanation": "Explanation of the connection to the source paper.",
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"relevance": 1, or 2
}}

}}
```

"""

Listing 1: Prompt for Llama relevancy scoring

Evaluation instructions

Instructions

You are a reviewer whose primary goal is to assess the quality and validity of scientific
research problems and hypothesis generated by AI. The AI was given a source paper and
asked to generate novel and impactful research pertaining to the topic of the source paper.
The AI was also given access to the literature in the form of a chain of papers arranged in
temporal order. The chain could be noisy, so not all papers were directly relevant to the
source paper. The AI was expected to consider the relevant papers and perform a short
literature review which we call rationale and then come up with research idea based on the
identified research gap. It was asked to generate a hypothesis that would be clear, novel,
feasible or testable and impactful (if possible). Your goal is to understand if the AI did
each of its task well.

...

...

...

...

...

...

...

...

...

You will evaluate the following:

1. The first thing AI produced was an analysis of how each paper in the chain is relevant to
the source paper. To help you judge better, we are putting the title and the abstract of
each of the papers and the corresponding AI generated analysis in two adjacent columns.
You will tell us if the judgment is correct or not and provide your comments.

...

...

...

2. Next AI generated a rationale which is supposed to be grounded in the above analysis. Your
task is to judge whether the rationale is coherent i.e. whether it follows naturally from
the analysis or whether the model is using significant amount of external knowledge to
generate the rationale. External knowledge is something not contained in the provided
papers. You will be given a few questions related to the quality of the rationale.

...

...

...

...

3. The rationale serves a motivation for a new research idea. The AI was asked to generate a
research idea motivated by the rationale. Your task is to evaluate whether the research
idea follows from the rationale.

...

...

4. Your last task is to evaluate the quality of the hypothesis. The purpose of the hypothesis
is to translate the research idea into a concrete testable declarative statement. You will
evaluate whether hypothesis is clear, testable, follows from the research idea and novel.

...

...

Listing 2: Expert evaluation instructions

Scoring protocol for Judge Agent (Baek et al., 2024b)

{
"clarity": "1. The problem is presented in a highly ambiguous manner, lacking clear

definition and leaving significant room for interpretation or confusion....
2. The problem is somewhat defined but suffers from vague terms and insufficient detail,

making it challenging to grasp the full scope or objective....
3. The problem is stated in a straightforward manner, but lacks the depth or specificity

needed to fully convey the nuances and boundaries of the research scope....
4. The problem is clearly articulated with precise terminology and sufficient detail,

providing a solid understanding of the scope and objectives with minimal ambiguity.5.
The problem is exceptionally clear, concise, and specific, with every term and aspect
well-defined, leaving no room for misinterpretation and fully encapsulating the
research scope and aims.",

...

...

...

...

"relevance": "1. The problem shows almost no relevance to the current field, failing to
connect with the established context or build upon existing work....
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2. The problem has minimal relevance, with only superficial connections to the field and a
lack of meaningful integration with prior studies....

3. The problem is somewhat relevant, making a moderate attempt to align with the field but
lacking significant innovation or depth....

4. The problem is relevant and well-connected to the field, demonstrating a good
understanding of existing work and offering promising contributions....

5. The problem is highly relevant, deeply integrated with the current context, and
represents a significant advancement in the field.",...

"originality": "1. The problem exhibits no discernible originality, closely mirroring
existing studies without introducing any novel perspectives or challenges....

2. The problem shows minimal originality, with slight variations from known studies,
lacking significant new insights or innovative approaches....

3. The problem demonstrates moderate originality, offering some new insights or angles,
but these are not sufficiently groundbreaking or distinct from existing work....

4. The problem is notably original, presenting a unique challenge or perspective that is
well-differentiated from existing studies, contributing valuable new understanding to
the field.

...

...
5. The problem is highly original, introducing a pioneering challenge or perspective that

has not been explored before, setting a new direction for future research.",...

"feasibility": "1. The problem is fundamentally infeasible due to insurmountable resource
constraints, lack of foundational research, or critical methodological flaws....

2. The problem faces significant feasibility challenges related to resource availability,
existing knowledge gaps, or technical limitations, making progress unlikely....

3. The problem is feasible to some extent but faces notable obstacles in resources,
existing research support, or technical implementation, which could hinder significant
advancements.

...

...
4. The problem is mostly feasible with manageable challenges in resources, supported by

adequate existing research, and has a clear, achievable methodology, though minor
issues may persist.

...

...
5. The problem is highly feasible with minimal barriers, well-supported by existing

research, ample resources, and a robust, clear methodology, promising significant
advancements.",

...

...

"significance": "1. The problem shows minimal to no significance, lacking relevance or
potential impact in advancing the field or contributing to practical applications....

2. The problem has limited significance, with a narrow scope of impact and minor
contributions to the field, offering little to no practical implications....

3. The problem demonstrates average significance, with some contributions to the field and
potential practical implications, but lacks innovation or broader impact....

4. The problem is significant, offering notable contributions to the field and valuable
practical implications, with evidence of potential for broader impact and advancement....

5. The problem presents exceptional significance, with groundbreaking contributions to the
field, broad and transformative potential impacts, and substantial practical
applications across diverse domains."

...

...
}

Listing 3: Scoring Protocol borrowed from (Baek et al., 2024b)

Prompt for hypothesis generation

system_message = """You are an AI assistant whose primary goal is to identify promising, new,
and key scientific problems based on existing scientific literature, in order to aid
researchers in discovering novel and significant research opportunities that can advance
the field."""

...

...

...

user_message = f"""You are going to generate a research problem that should be original, clear,
feasible, relevant, and significant to its field. This will be based on the title and
abstract of the source paper, those of {len(citing_paper_list)} related papers in the
existing literature.

...

...

...
Understanding of the target paper, and the related papers is essential:
- The source paper is the primary research study you aim to enhance or build upon through

future research, serving as the central source and focus for identifying and
developing the specific research problem.

...

...
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- The related papers are arranged in temporal order of citation, such that paper 0 cites
the source paper, 2 cites paper 1 and paper 3 cites paper 2 and so on. The relevant
papers provide additional context and insights that are essential for understanding
and expanding upon the target paper. However, all the papers in the list may not be
relevant to the primary research you are focusing on. Identify the most relevant
papers from the list in your analysis and only use those for research idea generation.

...

...

...

...

...
Your approach should be systematic:
- Start by thoroughly reading the title and abstract of the source paper to understand its

core focus....
- Next, proceed to read the titles and abstracts of the related papers in the order in

which they appear in the list....
Identify the papers that form a logical reasoning chain starting from the source paper.
- Use only these papers to gain a broader perspective about the progression of the primary

research topic over time....

###Example Task & Expected Output:
###Example Input:
Source paper title: {one_shot['source paper']['title']}
Source paper abstract: {one_shot['source paper']['abstract']}
Source paper year of publication: {one_shot['source paper']['year']}
Related papers: {one_shot['related papers']}

### Example Output (Valid JSON Format):
```json
{{
"Analysis": {one_shot['output']['<analysis>']},
"Rationale": "{one_shot['output']['<motivation>']}",
"Research idea": "{one_shot['output']['<research idea>']}",
"Hypothesis": "{one_shot['output']['<hypothesis>']}"
}}
```
###
### **Important: **Do not copy from the example above.** Instead, based on the provided

source and related papers to generate a research problem that should be original,
clear, feasible, relevant, and significant to its field.

...

...

I am going to provide the source paper and related papers as an enumerated list of Title,
Abstract and Year of publication triple, as follows:...

Source paper title: {source_paper['title']}
Source paper abstract: {source_paper['abstract']}
Source paper year of publication: {source_paper['year']}
Related papers: {citing_paper_list}

With the provided source paper, and the related papers, your objective now is to formulate
a research problem that not only builds upon these existing studies but also strives
to be original, clear, feasible, relevant, and significant. Before crafting the
research problem, revisit the title and abstract of the source paper, to ensure it
remains the focal point of your research problem identification process. Your research
problem will be scored for clarity. It should contain a short description of the
general research idea and it's impact followed by more details on all the variables
and how they will be measured.

...

...

...

...

...

...

...
If possible include PICO elements which stands for Population, Intervention, Control and

Outcome....
State clearly how the outcome could potentially be measured.

Now convert this idea into a concrete testable hypothesis. Remember hypothesis is a
declarative statement expressing a...

relationship between two variables like independent or dependent variables or left group
and right group in a given context....

Your hypothesis should contain the key variable or variables from your research idea and
how they will be measured....

Your hypothesis will be scored on clarity and novelty.

Source paper title: {source_paper['title']}
Source paper abstract: {source_paper['abstract']}
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Then, following your review of the above content and example, please proceed to analyze
the progression of the research topic. For analysis, Output a dictionary with each
paper in the Related Papers as a key. For each key (paper) analyze how this paper
builds upon the previous papers in the list. For example, how Paper 0 builds upon
source paper and Paper 1 builds upon the concepts in Paper 0 and so on. Elaborate on
specific advancements made, including the explanation behind their effectiveness in
addressing previous challenges. Apply this analytical approach to each valid paper in
the sequence, adding the analysis as the value for each key in a few sentences. Ignore
papers that do not build upon the previous papers and diverge from the original source
paper's topic significantly.

...

...

...

...

...

...

...

...

...

Now output this analysis, the research problem and hypothesis with the rationale. Your
output should be a valid JSON with the following fields....

Output a JSON object in the following format
```json
{{
"Analysis": {{Output a dictionary with each paper in the Related Papers as a key. For each

key (paper) analyze how this paper builds upon the previous papers in the list.}},...
"Rationale": "Summarize the above analysis and explain how you would come up with a

research idea that will advance the field of work while addressing the limitations of
previous work and building upon the existing work.",

...

...
"Research idea": "Delineate an elaborate research problem here including the key

variables.",...
"Hypothesis": "Provide a concrete testable hypothesis that follows from the above research

problem here"...
}}
```

This JSON will be automatically parsed, so ensure the format is precise. DO NOT leave any
field empty. If you cannot generate a specific part, provide a best guess....

"""

Listing 4: Prompt for hypothesis generation adapted from (Baek et al., 2024a)

Prompts for Judge Agent

system_message = """You are an AI assistant whose primary goal is to assess the quality and
validity of scientific problems across diverse dimensions, in order to aid researchers in
refining their problems based on your evaluations and feedback, thereby enhancing the
impact and reach of their work. Your response must be in JSON format"""

...

...

...
user_message = f"""You are going to evaluate a research problem for its {metric}, focusing on

how well it is defined in a clear, precise, and understandable manner. As part of your
evaluation, you can refer to the existing studies that may be related to the problem, which
will help in understanding the context of the problem for a more comprehensive assessment.

...

...

...
- The existing studies refer to the target paper that has been pivotal in identifying the

problem, as well as the related papers that have been additionally referenced in the
discovery phase of the

...

...
problem.
The existing studies (target paper & related papers) are as follows:
Target paper title: {source_paper['title']}
Target paper abstract: {source_paper['abstract']}
Related papers: {related_papers}

Now, proceed with your {metric} evaluation approach that should be systematic:
- Start by thoroughly reading the research problem and its rationale, keeping in mind the

context provided by the existing studies mentioned above....
- Next, generate a review and feedback that should be constructive, helpful, and concise,

focusing on the {metric} of the problem....
- Finally, provide a score for the Hypothesis on a 5-point Likert scale, with 1 being the

lowest. Be a harse critic. Please ensuring a discerning and critical evaluation and avoid
uniformly high ratings (4-5) unless fully justified.

...

...

Following are the judging criteria for each rating number:
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{scoring_protocol[metric]}

### Example Input & Expected Output}
### Example Input:}
###
Example Input for Rating 1:

Research problem: {fewshots['Rating 1']["Research problem"]}
Rationale: {fewshots['Rating 1']['Rationale']}
Hypothesis: {fewshots['Rating 1']['Hypothesis']}
#### Example Output (Valid JSON Format):
```json
{{
"Review": {fewshots['Rating 1']['Review']},
"Feedback": {fewshots['Rating 1']['Feedback']}"
"Rating (1-5) for Hypothesis": 1
}}
```
###
Example Input for Rating 3:
Research problem: {fewshots['Rating 3']["Research problem"]}
Rationale: {fewshots['Rating 3']['Rationale']}
Hypothesis: {fewshots['Rating 3']['Hypothesis']}
#### Example Output (Valid JSON Format):
```json
{{
"Review": {fewshots['Rating 3']['Review']},
"Feedback": {fewshots['Rating 3']['Feedback']}
"Rating (1-5) for Hypothesis": 3
}}
```
###
###
Example Input for Rating 5:
Research problem: {fewshots['Rating 5']["Research problem"]}
Rationale: {fewshots['Rating 5']['Rationale']}
Hypothesis: {fewshots['Rating 5']['Hypothesis']}

### Example Output (Valid JSON Format):
```json
{{
"Review": "{fewshots['Rating 5']['Review']}",
"Feedback": "{fewshots['Rating 5']['Feedback']}"
"Rating (1-5) for Hypothesis": 5
}}
```

###

I am going to provide the research problem with its rationale, as follows:
Research problem: {research_idea['Research idea']}
Rationale: {research_idea['Rationale']}
Hypothesis: {research_idea['Hypothesis']}
After your evaluation of the above content, please provide your review, feedback, and rating.
Your output should be structured as follows:
RESPONSE:
```json
<JSON>
```
In <JSON>, respond in JSON format with ONLY the following field:
- "Review": Your review of the research problem.
- "Feedback": Your constructive feedback for improvement.
- "Rating (1-5) for Hypothesis": only output a rating number here.
This JSON will be automatically parsed, so ensure the format is precise.
"""

Listing 5: Prompts for Judge Agent
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