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Abstract
Generative commonsense reasoning (GCR) re-
quires models to synthesize coherent narratives
that simultaneously satisfy lexical constraints
and commonsense logic. Although ensemble-
based LLM strategies are widely adopted to
alleviate the fragility of single-chain reasoning,
we uncover a counterintuitive homogeneity trap
in GCR. Specifically, we observe that increas-
ing the number of reasoning chains can degrade
performance, as the generated chains tend to
collapse into a narrow semantic region, thereby
reinforcing shared biases rather than providing
complementary evidence. We posit that escap-
ing this trap requires fundamentally broadening
semantic coverage via heterogeneous sources.
Our investigation into the nature of diversity
reveals that deep semantic diversity, rather than
surface-level lexical variation, is the decisive
prerequisite for effective integration. Motivated
by this insight, we propose an Explore-then-
Integrate framework, in which high–semantic-
entropy explorers capture diverse concept bind-
ings, and a powerful integrator performs com-
positional synthesis to merge valid fragments
into coherent narratives. Crucially, to ensure
that the observed performance gains arise from
accurate logical composition rather than triv-
ial best-candidate selection, we introduce a
provenance-aware evaluation suite that explic-
itly quantifies the heterogeneous origins of syn-
thesized outputs. Extensive experiments on
multiple benchmarks demonstrate the consis-
tent superiority of our approach across a range
of metrics. Notably, our method achieves over
10% improvement in overall accuracy on NoRa
and in SPICE score on CommonGen-Lite.

1 Introduction

Generative commonsense reasoning (GCR) serves
as a critical testbed for evaluating the composi-
tional generalization and reasoning capabilities of

*Equal contribution.
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Figure 1: Escaping the Homogeneity Trap. (a) Scal-
ing Failure. Conventional ensemble strategies exhibit
performance degradation as the number of reasoning
chains increases, even with quality filtering. (b) The
Homogeneity Trap. An evaluation of 50 sampled
chains across 7 metrics shows that as models become
more capable (e.g., GPT-4o vs. Qwen-8B), they exhibit
pronounced mode collapse. (c) Effective Diversity.
Surface-level diversity correlates poorly with final per-
formance, whereas deep-level diversity exhibits a strong
positive correlation, proving decisive for integration.

large language models (LLMs) (Lin et al., 2020;
Kojima et al., 2022). Functioning as a complex
constraint satisfaction problem, GCR demands the
synthesis of fluent narratives that strictly adhere to
lexical constraints and commonsense logic, while
maintaining semantic diversity (Yu et al., 2022;
Zhang et al., 2025). Although Chain-of-Thought
(CoT) prompting (Wei et al., 2022) has demon-
strated remarkable success in various reasoning
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Figure 2: A comparison between mode-collapsed ho-
mogeneous reasoning and our Explore-then-Integrate
framework.

tasks (Kojima et al., 2022; Zhou et al., 2023; Zhang
et al., 2023b), it exhibits significant limitations due
to “Constraint Attention Drop” (Li et al., 2025).
Specifically, the generation of explicit reasoning
steps often unintentionally diverts the model’s fo-
cus from critical constraint tokens, resulting in the
hallucination of irrational relationships to force-fit
concepts (Zhang et al., 2023a).

To mitigate single-chain fragility, ensemble
strategies, such as voting-based Self-Consistency
(SC) (Wang et al., 2023) and meta-reasoner-based
Multi-Chain Reasoning (MCR) (Yoran et al., 2023),
have become standard practice, typically relying on
repeated sampling from a single powerful model.
However, contrary to previous findings, we observe
a scaling failure when applying these methods to
GCR: increasing the sampling budget yields dimin-
ishing returns or even performance degradation,
despite the application of top-quality candidate fil-
tering, as shown in Fig. 1 (a). We attribute this
phenomenon to the Homogeneity Trap. As vali-
dated in Fig. 1 (b), state-of-the-art LLMs exhibit a
distinct inverse correlation where higher reasoning
quality comes at the cost of sharply reduced diver-
sity. Consequently, generated chains cluster within
a narrow semantic band and share identical system-
atic biases (Wu et al., 2025; Jiang et al., 2025). In
this regime, the “wisdom of the crowd” collapses;
high redundancy merely amplifies shared biases
and hampers the composition ability of the integra-
tors (e.g., meta-reasoners) to synthesize concepts
into a reliable final output.

To escape the homogeneity trap, we propose
expanding the search space via heterogeneous
sources, grounded in the cognitive intuition that
compositional synthesis is more tractable than ab-
initio generation (Russin et al., 2025; Sinha et al.,
2024). While homogeneous inputs force integrators
to reconstruct missing logic from scratch, a diverse

candidate pool enables fragment-level composi-
tion, transforming complex generation into simpler
recognition and merging. However, distinct input
sources do not inherently guarantee better integra-
tion. We investigate the prerequisites for effective
integration and reveal a critical distinction: while
surface-level diversity (lexical variation) yields lim-
ited utility, deep-level diversity (semantic embed-
ding) is the decisive driver (Fig. 1 c). Guided by
this, we introduce Explore-then-Integrate. We in-
stantiate this by deploying a high-semantic-entropy
explorer to capture imperfect yet complementary
concept bindings, enabling a powerful integrator to
synthesize these diverse fragments into a coherent,
constraint-satisfying narrative (Fig. 2).

However, strictly validating our framework re-
quires opening the black box of integration. We
propose a fine-grained Provenance-aware Eval-
uation Suite. By quantifying semantic prove-
nance, we verify that our method performs granu-
lar integration—weaving fragments from distinct
sources—rather than trivial best-candidate selec-
tion. Crucially, this analysis also dispels concerns
about high-entropy noise (Farquhar et al., 2024):
we reveal that heterogeneity explicitly exposes con-
flicts, thereby simplifying arbitration compared to
the deceptive consensus of homogeneous chains.
Furthermore, to address the efficiency overhead of
multiple LLM calls, we propose Distilled Integra-
tion, demonstrating that this high-level fusion logic
can be internalized into a compact student model
for efficient, standalone integration.

We conduct extensive experiments on several
public benchmarks. Experimental results demon-
strate that our framework can escapes the homo-
geneity trap to a large extent, delivering over 10%
SPICE gains on Commongen-Lite and achieving
a state-of-the-art 90.2% accuracy on NoRa. Our
distilled student model successfully internalizes the
complex integration policy and exhibits remarkable
cross-dataset generalization on DimonGen.

2 Related Work

2.1 Generative Commonsense Reasoning

LLMs often lack robust commonsense capabilities
and can generate sentences that contradict basic
commonsense knowledge. This limitation is partly
due to the well-recognized reporting bias (Gordon
and Van Durme, 2013), where the amount of explic-
itly recorded commonsense information in text is
far less than its prevalence in the real world (Havasi

18396



et al., 2007). Generative Commonsense Reason-
ing (GCR) requires composing coherent narratives
under rigid concept constraints (Lin et al., 2020).
Early approaches primarily focused on retrieving
external commonsense knowledge to augment gen-
eration (Liu et al., 2021; Guan et al., 2020; Li et al.,
2021; He et al., 2022; Liu et al., 2022, 2023; Cui
et al., 2024). These methods depend heavily on
task-specific supervision and lack open-ended gen-
eralization. With the advent of LLMs, recent bench-
marks such as CommonGen-Lite (Lin et al., 2020)
and NoRa (Zhou et al., 2024) have shifted focus to
prompting strategies, most of which rely on single-
chain reasoning and struggle to balance constraint
coverage with commonsense logic.

2.2 Chain-of-Thought and LLM Ensemble

While Chain-of-Thought (CoT) prompting en-
hances reasoning, it frequently suffers from “con-
straint attention drop” (Li et al., 2025) in constraint-
heavy tasks, sacrificing hard constraints for par-
tial fluency. Post-inference LLM ensembles (Chen
et al., 2025; Lu et al., 2024) attempt to mitigate
this via selection-based (Wang et al., 2023; Li
et al., 2024; Guha et al., 2024) or selection-then-
regeneration frameworks (Jiang et al., 2023; Yoran
et al., 2023; Lv et al., 2024). However, limitations
persist: selection prioritizes high-probability con-
sensus over necessary semantic diversity, while
regeneration often functions merely as selection
rather than true fragment-level composition. In con-
trast, our Explore-then-Integrate framework cou-
ples high-entropy exploration with prudent integra-
tion for true fragment-level synthesis.

3 Methodology

We introduce Explore-then-Integrate, grounded in
the intuition that compositional synthesis is more
tractable than ab-initio generation. Unlocking this
potential requires a candidate pool exhibiting deep
semantic diversity. Guided by this, our workflow
(Fig. 3) proceeds through three phases: (1) Explo-
ration, deploying uninhibited models to maximize
semantic entropy and capture diverse concept bind-
ings; (2) Integration, where a powerful reasoner
performs fragment-level synthesis to merge coher-
ent logic; and (3) Distilled Integration, internaliz-
ing this fusion capability into a student model for
efficient, standalone inference.

3.1 Problem Formulation

GCR is formulated as a conditional generation
task (Lin et al., 2020) mapping an unordered con-
cept set C = {c1, . . . , cN} of size N to an output
sentence y. The objective is to maximize p(y|C)
subject to two constraints: (1) lexical coverage, re-
quiring all concepts in C to appear with appropriate
morphological inflection, and (2) rationality, ensur-
ing the narrative adheres to commonsense logic. To
explicitly model the reasoning process, we decom-
pose the output into a reasoning chain r (marked
by <think> tags (Wei et al., 2022)) and a final
response s, i.e., y = (r, s).

3.2 Phase I: Exploration

The objective of this phase is to construct a high-
entropy yet valid candidate pool H. We aim to
maximize deep semantic diversity, capturing the
distributional tail of valid reasoning paths to cover
the semantic search space of the concept set C.

3.2.1 Heterogeneous Sampling

To escape the homogeneity trap, we designate a
high-semantic-entropy explorer Mexp (e.g., Qwen-
32B (Bai et al., 2023)). Unlike the counterparts
that often converge to narrow, safety-aligned se-
mantic zones, Mexp maintains a more uninhib-
ited probability distribution. Using the exploration
instruction Iexp (A.1), we sample M candidates
H = {h1, . . . , hM} with a high temperature T :

hi ∼ pMexp(h|C, Iexp;T ) (1)

This strategy encourages the model to explore the
distributional tail, capturing varied concept bind-
ings (e.g., polysemous interpretations) that aligned
models often suppress, thereby providing diverse
logical fragments for downstream synthesis.

3.2.2 Filtering via Pretrained Reward Model

To purge noise from high-entropy sampling with-
out sacrificing diversity, we employ a Pretrained
Reward Model (PRM) as a validity filter. Cru-
cially, unlike likelihood-based selection which re-
inforces homogeneity by favoring commonality,
our strategy strictly targets irrational hallucina-
tions, preserving the long-tail of diverse but valid
reasoning. We formalize the evaluation of each
candidate h ∈ H as a multi-dimensional vector
v(h) ∈ R4, spanning four axes: Coherence (vcoh),
Length (vlen), Lexical Coverage (vcov), and Infor-
mation Density (vden). The scoring function f(h)
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Figure 3: Illustration of our proposed Explore-then-Integrate Framework.

is defined as the projection (A.2):
f(h) = w⊺ · v(h) (2)

where w is a preference vector calibrated to pe-
nalize violations of hard constraints (e.g., miss-
ing concepts) while accommodating the diverse,
high-entropy expressions. We select the top-K can-
didates Htop = TopKh∈Hf(h). This ensures the
downstream integrator is supplied with a context
set that is logically rigorous yet semantically het-
erogeneous.

3.3 Phase II: Integration

In this phase, we deploy a powerful integrator
Mint (e.g., GPT-4o (OpenAI, 2023)) to perform
fragment-level synthesis. Grounded in our core in-
tuition, Mint is tasked not with creating narratives
from scratch, but with decomposing and amalga-
mating valid logical fragments from the filtered
heterogeneous set Htop. We first construct a struc-
tured context Xref by injecting the diverse reasoning
paths from Htop as distinct reference attempts:

Xref =
⊕

h∈Htop

([Attempt ID] : h) (3)

where
⊕

denotes concatenation. This layout ex-
plicitly exposes semantic contrasts, transforming
the task into a discriminative puzzle where the
model identifies complementary strengths across
inputs. To prevent superficial copying and en-
force true composition, the fusion instruction Ifuse
(A.3) compels Mint to perform explicit intermedi-
ate reasoning—analyzing trade-offs and resolving
conflicts (e.g., adopting the logical predicate from
one attempt while utilizing the contextual framing
of another)—before generating the final output y∗:

y∗ = argmaxyPMint(y | C,Xref, Ifuse) (4)

This process ensures the output is a logical com-
position rather than simple selection, effectively
synthesizing a solution that surpasses any individ-

ual candidate in the pool.

3.4 Phase III: Distilled Integration

Although the proposed Explore-then-Integrate
framework ensures high-quality synthesis, the de-
pendency on a computationally intensive integrator
creates significant latency bottlenecks. To circum-
vent this, we propose Distilled Integration, aim-
ing to compress the integration logic—specifically
the capability to arbitrate conflicts and synthesize
fragments—into a compact student model Mstu
(e.g., Llama-3-8B (Dubey et al., 2024)). We con-
struct a training corpus Dsft = {(X (i)

ref , y
∗(i))} pair-

ing the structured reference contexts with the inte-
grator’s synthesized outputs. Distinct from conven-
tional distillation pipelines that filter teacher out-
puts via external heuristics (Hsieh et al., 2023; Mag-
ister et al., 2023)—a process that risks re-imposing
homogeneity bias—we adopt an unfiltered distilla-
tion strategy. By training on the full distribution of
the integrator’s decisions, we ensure Mstu internal-
izes the robust integration policy required to resolve
complex constraints rather than merely memoriz-
ing instances. We fine-tune Mstu to minimize the
standard negative log-likelihood (NLL) objective.

3.5 Provenance-aware Evaluation Suite

To validate that our method performs true composi-
tional integration rather than trivial selection, and
to confirm that high-entropy exploration exposes
resolvable conflicts rather than introducing uncon-
trollable noise, we propose a fine-grained evalua-
tion suite based on semantic fragment provenance.
We decompose the output y and the candidate pool
Htop into atomic semantic fragments (e.g., reason-
ing steps) and establish a provenance mapping via
embedding cosine similarity. This granular attribu-
tion supports three metrics (formal definitions in
Appendix B):
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Source Entropy quantifies the diversity of informa-
tion use. High entropy indicates effective synthesis
of insights from multiple explorers rather than a
collapse into a single dominant chain.
Multi-Source Interleaving Rate (MSIR) mea-
sures the granularity of integration. A higher MSIR
indicates a more complex “jigsaw-style” composi-
tion process in which the model actively alternates
between sources, rather than block-level copying.
Conflict Suppression Rate (∆supp) assesses the
rationality of integration. We first calculate the
Conflict Density δ(u) for each fragment u in Htop
using a Subject-Verb-Object (SVO) proxy to iden-
tify contradictions with other chains. ∆supp then
measures the relative reduction in conflict density
of the selected fragments compared with the dis-
carded pool (i.e., (δdis−δsel)/δdis). A positive score
indicates that the integrator acts as a semantic filter,
effectively pruning logical noise.

4 Experiments

4.1 Settings
Datasets and Metrics. We evaluate our frame-
work on CommonGen-Lite (Lin et al., 2020) and
DimonGen (Liu et al., 2023), which require com-
posing discrete concepts into coherent everyday
scenarios. Adhering to established protocols, we
report BLEU (Papineni et al., 2002), ROUGE (Lin,
2004), METEOR (Banerjee and Lavie, 2005), and
SPICE (Anderson et al., 2016) to assess coverage,
rationality, and quality. Additionally, we incorpo-
rate NoRa (Zhou et al., 2024) to assess robustness
to interference; this benchmark challenges models
to maintain reasoning stability in the presence of
noisy rationales containing irrelevant or inaccurate
steps. For NoRa, we report standard Accuracy to
quantify the model’s ability to filter distractors and
draw correct answers. Refer to Appendix C for
dataset details.

Implementation Details. Guided by our prelim-
inary analysis in Figure 2, which shows that in-
tegration efficacy correlates strongly with deep
semantic diversity rather than surface-level lexi-
cal variation, we prioritize high-semantic-entropy
sources in the exploration phase. Accordingly, we
use Qwen-3-32B-Instruct (Bai et al., 2023) as the
Explorer, paired with GPT-4o as the Integrator
for compositional synthesis. FsfairX-LLaMA3-
RM-v0.1 (Dong et al., 2023; Xiong et al., 2024)
serves as the PRM for filtering, and LLaMA-3.1-
8B-Instruct (Dubey et al., 2024) is used as the base

model for the distilled student. We adopt an asym-
metric sampling budget: the Explorer generates
M = 50 candidates at T = 0.6 (filtered to the top-
K = 5 via PRM), while the Integrator performs a
single synthesis step. We compare our heteroge-
neous configuration (Hetero) against homogeneous
variants (Homo, which use the same model for both
roles). Additional baselines include standard few-
shot CoT, a single-chain reasoning method (Direct),
and the task-specific SOTA CD-CoT for the NoRa
benchmark. Due to the space limitation, we put the
detailed descriptions of baselines and variants in
Appendix D.

4.2 Results

In this section, we provide a comprehensive evalu-
ation of the Explore-then-Integrate framework. We
structure our analysis around the following research
questions (RQs):
RQ1. Can our framework achieve superior perfor-
mance across diverse benchmarks, covering both
standard GCR tasks and robustness-critical scenar-
ios involving noisy rationales?
RQ2. Can the distilled student successfully inter-
nalize a generalizable integration policy, rather than
merely memorizing specific teacher solutions?
RQ3. How does the choice of models for Explo-
ration and Integration affect the framework’s effi-
cacy?

4.2.1 RQ1: Overall Performance and
Robustness

Table 1 presents results on CommonGen-Lite. In
the homogeneous configurations (Block I), the data
corroborate the saturation and degradation trends
characteristic of the homogeneity trap; notably, fil-
tering a large homogeneous pool (M = 50,K = 5)
reduces quality even below the single-chain base-
line. Conversely, our heterogeneous configuration
(Block II) yields substantial improvements across
all metrics, simultaneously optimizing lexical cov-
erage (BLEU-4, ROUGE-L) and semantic coher-
ence (METEOR, SPICE), as evidenced by substan-
tial margins of +7.25 BLEU-4 and +4.06 SPICE
over the direct baseline.

As shown in Table 2, our heterogeneous config-
uration demonstrates superior robustness on NoRa,
achieving a SOTA overall accuracy of 90.20%
and outperforming the task-specific CD-CoT base-
line by a wide margin. Crucially, under inaccu-
rate noise—where rationales contain plausible but
logically false premises—our method maintains
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Method B-4 SPICE R-L MET

Baseline: GPT-4o Direct 21.21 38.41 56.47 52.84

Block I. Homogeneous Configuration

Exp-Int (Homo, GPT-4o, M = 5) 23.87 40.71 53.52 59.24
Exp-Int (Homo, GPT-4o, M = 20) 21.69 39.25 52.32 59.80
Exp-Int (Homo, GPT-4o, M = 30) 22.97 39.23 52.11 60.31
Exp-Int (Homo, GPT-4o, M = 40) 22.85 39.35 52.65 60.12
Exp-Int (Homo, GPT-4o, M = 50) 22.75 39.29 52.97 59.62
Exp-Int (Homo, GPT-4o, M = 50, K = 5) 19.43 37.81 50.51 58.26

Block II. Heterogeneous Configuration (Ours)

Exp-Int (Hetero, Qwen3-32B + GPT-4o) 28.46 42.47 58.38 61.94
Exp-Int (Qwen3-32B + Dstl. LLaMA3-8B) 27.98 42.40 57.77 60.99

Block III. Integrator Ablation

Exp-Int (Hetero, Qwen3-32B + DPSK-v3) 29.03 41.99 59.87 60.35
Exp-Int (Qwen3-32B + Dstl. Qwen3-8B) 27.51 41.70 56.72 60.44

Block IV. Explorer Ablation

Exp-Int (Hetero, Qwen3-8B + GPT-4o) 24.96 41.26 54.90 59.78
Exp-Int (Hetero, LLaMA3-8B + GPT-4o) 24.68 40.70 54.84 59.71
Exp-Int (Hetero, LLaMA3-70B + GPT-4o) 22.53 39.39 52.78 57.58

Table 1: Performance comparison on CommonGen-
Lite. We compare Homogeneous configurations (Block
I) with our proposed Heterogeneous framework (Block
II), and present ablation studies on the Integrator (Block
III) and Explorer (Block IV). Abbreviations: B-4
(BLEU-4), R-L (ROUGE-L), MET (METEOR), Exp-
Int (Explore-then-Integrate), and Dstl. (Distilled). The
best scores are highlighted in bold, and the second-best
scores are underlined.

89.82% accuracy. We attribute this robustness to
the synergy of broad exploration and granular fu-
sion: the high-semantic-entropy explorer searches
widely for valid reasoning paths to override local
noise, while the integrator performs fragment-level
synthesis. This fine-grained composition enables
the model to precisely identify and prune logical in-
coherence, effectively decoupling valid reasoning
from contaminated context.

Since lexical metrics alone may not fully reflect
semantic preference, we further conduct an LLM-
as-a-Judge evaluation on CommonGen-Lite. We
follow a double-blind pairwise protocol and addi-
tionally report sentence length, concept coverage,
and part-of-speech correctness. As shown in Ta-
ble 3, the heterogeneous configuration achieves
a substantially higher judge win rate than the ho-
mogeneous baseline, while also yielding shorter
generations, better concept coverage, and higher
part-of-speech accuracy. These results indicate that
the gains of our framework are not limited to lexical
overlap, but are also reflected in semantic prefer-
ence and logical quality.

Notably, this superiority generalizes across do-
main boundaries. As detailed in Appendix E (Ta-
ble 7), our framework achieves best-in-class per-
formance across all tasks, including Math, Sym-

bolic, and Commonsense. Even on the challeng-
ing Symbolic-Longer task, where the baseline col-
lapses to 62.00%, our method recovers to 78.00%.
This cross-domain consistency underscores the po-
tential of Explore-then-Integrate not merely as a
GCR solution, but as a universally robust reasoning
paradigm.

4.2.2 RQ2: Effectiveness of Distilled
Integration.

Table 1 (Block II) shows that the distilled stu-
dent model closely matches its teacher’s perfor-
mance. Despite a drastic reduction in parameter
count (from GPT-4o to 8B), the student achieves
42.40 SPICE and 27.98 BLEU-4, with negligible
degradation relative to the complete heterogeneous
system (42.47 SPICE, 28.46 BLEU-4). This proves
that the complex integration logic can be effectively
compressed into a compact local model without
sacrificing reasoning fidelity.

To determine whether the student merely memo-
rizes specific solution patterns or acquires a gener-
alizable fusion policy, we evaluate its zero-shot per-
formance on DimonGen using the LoRA weights
trained solely on CommonGen-Lite. As shown in
Table 4, the student exhibits remarkable transfer
capabilities. It surpasses the GPT-4o Direct base-
line on BLEU-4 and ROUGE-L. This performance,
achieved without any target-domain fine-tuning,
indicates that the student has successfully internal-
ized an abstract integration logic.

4.2.3 RQ3: Integrator Generalization
Results in Table 1 (Block III) assess the frame-
work’s adaptability when replacing GPT-4o with
DeepSeek-v3 (DPSK-v3) (DeepSeek-AI, 2024) as
the integrator. While DPSK-v3 scales better with
homogeneous sampling than GPT-4o, introducing
heterogeneity via the Qwen3-32B explorer still
yields the highest BLEU-4 and ROUGE-L. Further-
more, we validate the architecture-agnostic nature
of our distillation pipeline: a student model based
on Qwen3-8B achieves competitive performance,
mirroring the success of the LLaMA3-8B student.
This demonstrates that the student’s ability to inter-
nalize the fusion policy is robust to the underlying
model architecture.

4.2.4 RQ3: The Alignment-Entropy Trade-off
of Explorer

Building on our finding in Figure 2 that deep se-
mantic diversity drives final performance, Table
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Method overall by difficulty by noise type an example task:
Acc. (%) Easy Hard Inacc. Irrel. Symbolic-L

Baseline: GPT-4o Direct 82.67 81.60 82.80 81.68 83.75 62.00
Baseline: CD-CoT 80.00 80.80 80.60 81.42 78.43 51.33

Exp-Int (Homo, GPT-4o) 85.60 88.40 83.80 84.86 86.41 66.00
Exp-Int (Hetero, Qwen3-32B + GPT-4o) 90.20 90.60 89.60 89.82 90.62 78.00

Table 2: Accuracy comparison on NoRa. Results are categorized by (1) difficulty (determined by noise ratios), (2)
noise type (Inaccurate/Irrelevant rationales), and (3) task type, represented here by the challenging Symbolic-Longer
task. Full breakdowns across all tasks are provided in Table 7.

Configuration Length Coverage PoS Judge Win Rate

Exp-Int (Homo) 13.16 97.00% 92.25% 28.6%
Exp-Int (Hetero) 12.11 98.25% 95.00% 59.0%

Table 3: LLM-as-a-Judge and logical quality compari-
son on CommonGen-Lite. We conduct double-blind
pairwise evaluation with swapped presentation order for
each sample pair. Length denotes the average number
of words. Coverage measures the proportion of gen-
erations that include all concepts, and PoS measures
the proportion with correct part-of-speech usage. The
remaining 12.4% of comparisons are ties.

Method B-4 SPICE R-L MET

Baseline: GPT-4o Direct 7.93 14.89 32.29 35.81

Exp-Int (Homo, GPT-4o) 7.07 13.75 30.22 34.07
Exp-Int (Qwen3-32B +
Dstl. LLaMA3-8B) 10.12 14.43 33.97 34.26

Table 4: Cross-dataset generalization results on Dimon-
Gen. The student model (Dstl. LLaMA3-8B) is trained
exclusively on CommonGen-Lite and evaluated zero-
shot on DimonGen to assess the transferability of the
learned fusion policy.

1 (Block IV) provides a concrete perspective on
how explorer characteristics influence this property.
We observe that the highly capable LLaMA3-70B
significantly underperforms its smaller 8B coun-
terpart and the Qwen3-32B model (e.g., 22.53 vs.
24.96 and 28.46 BLEU-4). This supports an in-
verse scaling law for exploration: as models scale
up and undergo rigorous alignment, their utility as
explorers often declines. Such alignment tends to
compress the probability distribution, effectively
pruning the distributional tail necessary for cap-
turing novel concept bindings (Lin et al., 2024;
Huang et al., 2025). Consequently, this confirms
that the decisive attribute for an explorer is not raw
reasoning power but the capacity to maintain an
uninhibited semantic search space that provides
complementary reasoning paths to the integrator.

We further study how the sampling budget af-
fects the final performance of the heterogeneous
explorer. Specifically, we vary the number of sam-
pled candidates M and track both diversity and
downstream generation quality. As shown in Table

M Entropy (pre-PRM) Entropy (post-PRM) B-4 SPICE

5 0.93 0.93 25.54 41.98
10 1.19 0.93 26.73 42.32
15 1.33 0.94 26.84 42.55
20 1.41 0.96 27.30 42.67
30 1.53 0.98 27.36 41.69
50 1.66 0.99 28.46 42.47

Table 5: Effect of the sampling budget M on diver-
sity and performance. We vary the number of sampled
candidates in the exploration phase and report diversity
before and after PRM filtering, together with the final
performance on CommonGen-Lite.

5, increasing M from 5 to 20 steadily improves
both entropy and semantic quality, with SPICE
reaching its peak at M = 20. Beyond this point,
the gains become marginal and the semantic metric
begins to fluctuate, although BLEU-4 still shows
a mild increase. This suggests that a moderate
sampling budget already provides sufficient seman-
tic coverage after PRM filtering, and we therefore
adopt M = 20 as a practical default in the main
experiments.

5 Further Analysis

Although the preceding experiments establish the
efficacy of the Explore-then-Integrate framework,
strictly validating the source of these gains requires
examining the underlying mechanisms. In this sec-
tion, we move beyond performance metrics to ad-
dress two fundamental questions: (1) How does
diversity drive the utility of exploration? (2) What
underlying mechanisms govern the “black box” of
the integration?

5.1 Unveiling the Explorer Potential

To elucidate the mechanisms behind the homogene-
ity trap, we trace the evolution of search space
diversity from the initial candidate pool (H) to the
filtered subset (Htop). We present the results in Ap-
pendix G (Table 9) using comprehensive metrics
to distinguish between trivial lexical variation and
substantive semantic diversity.
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Concept set

Figure 4: Heatmaps comparing pairwise concept atten-
tion between Qwen3-32B and LLaMA-8B across 10 ran-
dom samples. Qwen3-32B covers the full spectrum of
potential concept bindings. LLaMA3-8B narrowly fix-
ates on specific relations (e.g., c1-c4) while completely
neglecting valid alternatives (e.g., c1-c3, c2-c4).

Surface-level Variation. We examine lexical di-
versity using Entropy-4 (Li et al., 2016) to quantify
the uniformity of 4-gram distributions and Self-
BLEU4 (Zhu et al., 2018) to measure text overlap.
In H, smaller models such as LLaMA-3-8B exhibit
high entropy and low overlap, in contrast to the
rigid, template-like generation of aligned models
such as DPSK-v3. However, the performance gap
observed in our main experiments suggests that
this surface variation is largely orthogonal to final
performance. Merely rephrasing the same logic
provides trivial benefits to the integrator, serving
as syntactic noise rather than information gain.

Deep Semantic Diversity. The key distinction
emerges in the semantic space, probed via three
metrics. We employ Self-CosSim (Cox et al., 2021)
to quantify content-level overlap using the average
pairwise embedding similarity. We use the Vendi
Score (VS) (Friedman and Dieng, 2023; Pasarkar
and Dieng, 2024), derived from the eigenvalues
of the similarity kernel matrix, and report orders
q = {0.5, 1,∞} to assess sensitivity across rare
tails and dominant modes. Additionally, we com-
pute Embedding Entropy from the RBF Gram spec-
trum (Friedman and Dieng, 2023). All semantic
metrics use embeddings obtained via Sentence-
BERT (Reimers and Gurevych, 2019).

In H, Qwen3-32B defines a vastly superior
search space, achieving the lowest Self-CosSim
and the highest VS, effectively occupying the dis-
tributional tail compared with the narrow semantic
band of GPT-4o. In Htop, diversity scores show
consistency, aligning closely across all models (e.g.,
Self-CosSim ≈ 0.88). Rather than negating our hy-
pothesis, this reflects the PRM’s necessary role

in pruning irrational hallucinations and guiding
the pool toward valid commonsense truth. The
critical distinction lies in the nature of this con-
sistency. For homogeneous models, low diversity
arises from premature convergence: within a re-
stricted bias band, selected candidates are merely
redundant variants of a local mode. Conversely,
our framework achieves robust convergence: the
PRM acts on a broad initial search to identify the
global optimum. Thus, the Explorer’s value lies
not in enforcing diversity in the final output, but in
ensuring that the initial search space is sufficiently
expansive to prevent the Integrator from becoming
trapped in local homogeneity.

To visually distinguish effective semantic explo-
ration from deceptive lexical variation, Figure 4
compares the pairwise concept attention heatmaps
of Qwen3-32B and LLaMA3-8B. Qwen3-32B ex-
hibits a dispersed distribution with high variance,
indicating broad exploration of diverse concept
bindings. However, LLaMA3-8B shows a repet-
itive focus on the same bindings despite its high
surface-level diversity, suggesting that its variation
is confined to syntax rather than semantics.

5.2 Unpacking the Integration Process
To investigate the nature of integration, we propose
the Provenance-aware Evaluation Suite. By trac-
ing the semantic origins of generated fragments,
we quantify three dimensions: Source Entropy (di-
versity of utilization), MSIR (granularity of fusion),
and Conflict Suppression (∆supp), which measures
the relative reduction in logical contradictions be-
tween selected and discarded fragments.

As shown in Table 6, the homogeneous config-
uration yields a low MSIR (32.2%) and Source
Entropy (0.36), suggesting that when inputs share
systematic biases, the integrator defaults to block-
level copying. In contrast, the heterogeneous frame-
work significantly elevates Source Entropy to 0.58
and MSIR to 50.5%. Rather than struggling to re-
construct missing logic from scratch, the integrator
acts as a “jigsaw solver”, identifying and weaving
together complementary fragments to construct a
narrative superior to any single source.

Crucially, our results address the concern that
high-entropy explorers might introduce uncontrol-
lable reasoning noise. Empirically, the heteroge-
neous framework achieves a significantly lower
Conflict Density (Selected) than the homogeneous
setup (0.38 vs. 0.49). This shows that potential
conflicts within a heterogeneous pool are explicitly
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Method Source Entropy ↑ MSIR (%) ↑ Conflict Density (Selected) ↓ Conflict Density (Discarded) ∆supp (%) ↑
Exp-Int (Homo) 0.36 32.2 0.49 0.58 15.52
Exp-Int (Hetero) 0.58 50.5 0.38 0.45 15.56
Exp-Int (w/ Dstl.) 0.57 49.5 0.37 0.45 17.78

Table 6: Provenance-aware evaluation results. We quantify the diversity of utilization (Source Entropy), the granu-
larity of integration (MSIR), and the efficacy of conflict suppression (∆supp) across homogeneous, heterogeneous,
and distilled configurations.

exposed, making them easier to extract, compare,
and arbitrate. However, homogeneous chains often
fail to benefit from their individual quality; instead,
they mask core logical flaws behind a veneer of con-
sensus, thereby increasing the integrator’s burden
of identifying hidden contradictions. Consequently,
introducing high-semantic-entropy explorers does
not introduce unmanageable noise but rather facili-
tates the precise pruning of irrationality.

Finally, the provenance metrics also provide a
mechanistic explanation for the efficacy of the Dis-
tilled Student, distinguishing its behavior from sim-
ply memorizing surface patterns.

6 Conclusion

In this work, we uncover the “Homogeneity Trap”
in GCR, where scaling homogeneous ensembles
degrades performance due to semantic mode col-
lapse. Our mechanistic investigation reveals that
deep semantic diversity—rather than surface-level
lexical variation—is the decisive prerequisite for
effective integration. To escape this trap, we pro-
pose the Explore-then-Integrate framework, which
synergizes a high-semantic-entropy explorer with a
powerful integrator. By deploying our Provenance-
aware Evaluation Suite, we rigorously verify that
our performance gains stem from granular logi-
cal composition and active conflict suppression.
Extensive experiments demonstrate SOTA results
across diverse benchmarks (e.g., 90.2% accuracy
on NoRa). Furthermore, our Distilled Integration
shows that this complex integration policy can
be effectively internalized into a compact student
model, enabling efficient, standalone inference. Fu-
ture work includes extending this paradigm to it-
erative and long-form reasoning scenarios, such
as self-refine and exchange-of-thoughts (Madaan
et al., 2023; Yin et al., 2023).

Limitations

Our approach performs compositional synthesis in
a single turn. Currently, the integrator merges frag-
ments to satisfy constraints in one pass. However,

for complex or long-form reasoning tasks, a single
step may not suffice to resolve all logical conflicts.
Extending this paradigm to iterative settings, such
as self-refinement or multi-turn interactions, re-
mains to be explored to further enhance reasoning
stability.
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A Detailed Instructions

A.1 Explorer Instruction

[Explorer Instruction] :
[Task Definition] : You must start your response with
<think> and then think step by step. Given several
concepts (nouns/verbs), write a short, simple sentence
describing a common daily scene containing all required
words.

[Few-shot Demonstrations] :
Example 1: Concepts: "dog, frisbee, catch, throw" →
Sentence: The dog catches the frisbee...
Example 2: Concepts: "apple, place, tree, pick" →
Sentence: A girl picks some apples...

[Input] : Concepts: {concepts}

A.2 PRM Instruction

[PRM Scoring Criteria] :
[Role Definition] : As an AI output quality assess-

ment expert, please comprehensively evaluate the fol-
lowing dimensions.

[Evaluation Metrics] :
1. Language Coherence: Sentence structure, natural

expression, logical clarity.
2. Length Appropriateness: Reasonable length and

reasoning chain.
3. Keyword Coverage: Whether all {keywords} are

used accurately.
4. Integration Density: Natural incorporation avoid-

ing forced assembly.
[Output Format] : Provide a comprehensive score

based on these criteria.

A.3 Integrator Instruction

[Context Injection] :
[System Instruction] : The following are previous at-

tempts generated for the keywords {keywords}.

[Reference Attempts] :
Attempt 1: {output_from_chain_1}
Attempt 2: {output_from_chain_2}
...

[Fusion Instruction] :
[Goal] : Create the best possible output combining

useful information from the reference attempts.

[Fusion Strategy] :
• Combine useful word combinations and sentence

structures from different CoT attempts.
• Extract the best patterns and approaches from the

references.
• Aim for natural, grammatically correct expression.

[Constraints] :
• Use ONLY the given keywords: {keywords}.
• Start with <think> to show your conflict resolution

process.
• Provide final answer in <answer> tags.

B Detailed Provenance-aware Evaluation
Suite

We first decompose the final generation y into
a sequence of logical fragments (y1, . . . , yT )
and similarly flatten the filtered candidate pool
Htop—comprising K chains—into a set of source
fragments Upool = {hk,j} (denoting the j-th frag-
ment of the k-th chain) using a syntactic depen-
dency parser, spaCy. Let e(·) denote the em-
bedding vector derived from a sentence trans-
former (Reimers and Gurevych, 2019). We define
the provenance mapping ϕ(yt) for a generated frag-
ment yt as the index of the source chain containing
the best-matching fragment, subject to a validity
threshold τ :

ϕ(yt) =





argmaxk

(
maxj cos(e(yt), e(hk,j))

)

if maxk,j cos(·) > τ

∅ otherwise

Based on this mapping, we introduce three
metrics. First, to quantify the diversity of infor-
mation utilization, we compute the Source En-
tropy. Let nk =

∑T
t=1 I(ϕ(yt) = k) be the

count of fragments attributed to chain k. The met-
ric is defined as the normalized Shannon entropy:
− 1

logK

∑K
k=1

nk
T ′ log

nk
T ′ , where T ′ is the total num-

ber of attributed fragments. High entropy implies
the integrator effectively synthesizes insights from
multiple explorers. Second, to capture the gran-
ularity of fusion, we measure the Multi-Source
Interleaving Rate (MSIR), which measures the
frequency of source transitions between adjacent
attributed fragments:

MSIR =

∑T−1
t=1 I

(
ϕ(yt) ̸= ∅ ∧ ϕ(yt+1) ̸= ∅
∧ ϕ(yt) ̸= ϕ(yt+1)

)

∑T−1
t=1 I

(
ϕ(yt) ̸= ∅ ∧ ϕ(yt+1) ̸= ∅

) .

A higher MSIR indicates a complex jigsaw-style
composition process rather than block-level copy-
ing. Finally, to verify the rationality of integra-
tion, we calculate the Conflict Suppression Score
(∆supp). We utilize a lightweight proxy based on
Subject-Verb-Object (SVO) extraction to measure
logical inconsistency. For any source fragment
u ∈ Upool belonging to a chain, we define its Con-
flict Density δ(u) as the proportion of fragments in
other chains that share entity overlaps but contain
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contradictions:

δ(u) =

∑
v∈Upool

k(v)̸=k(u)

I

(
Overlap(u, v)

∧ Contradicts(u, v)

)

∑
v∈Upool

k(v)̸=k(u)

I(Overlap(u, v))
,

where k(·) extracts the chain index. Here, Overlap
requires identical subject or object lemmas, while
Contradicts checks for divergent verbs or negation
polarity. We then partition the pool into two sub-
sets: Selected Set Fsel = {u ∈ Upool | ∃t, ϕ(yt) =
u} containing fragments inherited by the final out-
put, and the Discarded Set Fdis = Upool \ Fsel.
The suppression score quantifies the relative reduc-
tion in conflict density of the retained fragments
compared to the discarded ones:

∆supp =
Eu∈Fdis

[δ(u)]− Eu∈Fsel
[δ(u)]

Eu∈Fdis
[δ(u)]

.

A positive ∆supp indicates that the integration
policy effectively suppresses high-conflict frag-
ments, retaining a set whose semantic inconsis-
tency is proportionally lower than that of the dis-
carded pool.

C Dataset Details

We evaluate our framework on three challenging
benchmarks, each targeting a distinct aspect of rea-
soning:

• CommonGen-Lite (Hard) (Lin et al., 2020) is
a widely adopted benchmark for GCR. The
task requires models to generate a coherent
sentence describing an everyday scenario us-
ing a given set of input concepts (e.g., {dog,
frisbee, catch, throw}). We use the Hard split,
in which concept sets have low co-occurrence
frequencies.

• DimonGen (Liu et al., 2023) extends GCR by
focusing on the diversity of concept relation-
ships. It requires generating multiple distinct
narratives for a concept pair (e.g., “dog” and
“sheep”) that depict unique relational perspec-
tives (e.g., herding vs. attacking).

• NoRa (Zhou et al., 2024) evaluates reason-
ing resilience against Noisy Rationales, where
context examples contain irrelevant (extrane-
ous facts) or inaccurate (logical fallacies) rea-
soning steps across mathematical, symbolic,
and commonsense domains.

D Baseline and Variant Descriptions

To strictly isolate the effects of source diversity,
candidate scaling, and model architecture, we cate-
gorize our experimental comparisons into baselines
and four blocks of framework instantiations.

Baselines. We report the performance of stan-
dard models and task-specific methods to establish
competitive bounds:

• GPT-4o Direct: The standard single-chain rea-
soning baseline with few-shot CoT prompting.

• CD-CoT (Contrastive Denoising with Noisy
CoT) (Zhou et al., 2024): The state-of-the-art
method specifically designed for the NoRa
benchmark. CD-CoT operates on the premise
that models can rectify rationales by contrast-
ing noisy examples with clean ones. It exe-
cutes a complex four-step pipeline: rationale
rephrasing, rationale selecting, rationale ex-
ploring, and answer voting. The first two steps
aim to achieve explicit denoising, while the
last two steps are for diverse reasoning paths.
This process is computationally intensive, typ-
ically requiring approximately 14 GPT-4o API
calls per instance.

Framework Instantiations. All variants adhere
to the proposed Explore-then-Integrate framework:
generating M candidates via an Explorer, filtering
to K via a PRM (unless specified otherwise), and
synthesizing via an Integrator. We categorize the
configurations into four blocks corresponding to
Table 1:

• Block I: Homogeneous Configuration. GPT-
4o serves as both the Explorer and the Inte-
grator. To analyze scaling effects, we evalu-
ate: (1) Standard (M = 5); (2) Scaled-Full
(M = 20, 30, 40, 50, all passed to integrator);
and (3) Scaled-Filtered (M = 50, filtered to
K = 5).

• Block II: Heterogeneous Configuration. Our
primary setup pairs Qwen3-32B (Explorer)
with GPT-4o (Integrator). This block also in-
cludes the Distilled Student, where LLaMA3-
8B is fine-tuned to emulate the primary het-
erogeneous teacher.

• Block III: Integrator Ablation. To test
model agnosticism, we replace GPT-4o with
DeepSeek-v3 and use an alternative Distilled
Student based on Qwen3-8B.
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• Block IV: Explorer Ablation. Fixing GPT-
4o as the Integrator, we vary the Ex-
plorer architecture to verify the “Alignment-
Entropy Trade-off”. Models include Qwen3-
8B, LLaMA3-8B, and the heavily aligned
LLaMA3-70B.

E Detailed Results on NoRa

Table 7 presents the performance breakdown across
all five tasks in the NoRa benchmark. These re-
sults confirm that our framework achieves robust
generalization across mathematical, symbolic, and
commonsense domains.

F Analysis of Hybrid Explorer Ensembles

To investigate the impact of mixing explorers with
different characteristics, we constructed hybrid
ensembles by combining candidates from multi-
ple models. Keeping a fixed integrator budget of
M = 5, we retained the top-3 candidates from our
primary explorer (Qwen3-32B) and supplemented
them with the top-2 candidates from an auxiliary
model (LLaMA3-8B or LLaMA3-70B).

As shown in Table 8, this hybrid strategy consis-
tently underperforms the pure Qwen3-32B base-
line, suggesting that simply diversifying model
sources does not guarantee improvement:

• Mixing LLaMA3-8B: Performance drops to
25.60 BLEU-4. Although LLaMA3-8B is a
high-entropy model, its top candidates do not
match the semantic utility of the Qwen3-32B
candidates they replace (i.e., Qwen’s rank 4
and 5), thereby degrading the overall quality
of the candidate pool.

• Mixing LLaMA3-70B: Performance degrades
further to 20.86. Consistent with our find-
ings in the main text regarding the Alignment-
Entropy Trade-off, introducing the heavily
aligned 70B model reduces the overall seman-
tic entropy of the context window, limiting the
diversity necessary for effective fusion.

G Analysis of Diversity Metrics

Table 9 provides the detailed quantitative break-
down of the search space evolution discussed
in Section 5, contrasting surface-level diversity
against deep semantic diversity across different ex-
plorer architectures.
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Method Math-Base9 Math-Base11 Symbolic-Equal Symbolic-Longer Commonsense Overall

Baseline: GPT-4o Direct 95.33 88.00 87.00 62.00 81.00 82.67
Baseline: CD-CoT 98.67 92.33 75.33 51.33 82.33 80.00

Exp-Int (Homo, GPT-4o) 98.67 93.00 88.33 66.00 82.00 85.60
Exp-Int (Hetero, Qwen3-8B + GPT-4o) 100.00 98.67 87.00 78.00 87.33 90.20

Table 7: Performance breakdown on NoRa across different tasks. Our heterogeneous framework achieves the
best or second-best performance on all tasks, with significant margins on the hardest task (Symbolic-Longer),
demonstrating universal robustness.

Pool Composition (M = 5) B-4 SPICE R-L MET

Pure Ensemble
Qwen3-32B (Top-5) 28.46 42.47 58.38 61.94

Hybrid Ensembles
Qwen3-32B (Top-3) + LLaMA3-8B (Top-2) 25.60 41.55 55.25 60.92
Qwen3-32B (Top-3) + LLaMA3-70B (Top-2) 20.86 38.90 51.13 58.57

Table 8: Performance comparison on Commongen-Lite between the pure Qwen-32B explorer and hybrid ensembles
mixed with LLaMA models.

Model Entropy-4↑ Self-BLEU4↓ Self-CosSim↓ VS-Embed0.5↑ VS-Embed1↑ VS-Embed∞↑ Embed-Entropy↑
Candidate Pool Diversity (H,M = 50)

GPT-4o 10.69 79.15 0.87 0.13 0.13 0.32 1.72
DPSK-v3 9.37 94.36 0.95 0.05 0.06 0.14 1.63

LLaMA3-70B 10.98 82.22 0.93 0.07 0.07 0.24 1.79
Qwen3-32B 10.75 81.62 0.66 0.32 0.34 0.89 1.66
Qwen3-8B 11.25 89.50 0.74 0.21 0.26 0.75 1.52
LLaMA3-8B 11.50 64.33 0.87 0.13 0.13 0.48 1.86

Filtered Subset Diversity (Htop,K = 5)

GPT-4o 8.62 44.76 0.87 0.12 0.13 0.19 0.97
DPSK-v3 8.82 67.03 0.92 0.07 0.08 0.12 0.93

LLaMA3-70B 9.25 51.30 0.94 0.06 0.06 0.10 0.98
Qwen3-32B 9.97 49.92 0.88 0.12 0.12 0.18 0.99
Qwen3-8B 10.03 61.74 0.92 0.10 0.11 0.12 0.99
LLaMA3-8B 9.59 42.88 0.88 0.11 0.12 0.18 0.99

Table 9: Quantitative analysis of search space evolution on Commongen-Lite. We report surface-level (Entropy-4,
Self-BLEU4) and deep semantic (Self-CosSim, VS-Embed, Embed-Entropy) diversity metrics for both the initial
candidate pool (H,M = 50) and the filtered subset (Htop,K = 5).
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