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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has improved LLM reasoning in do-
mains such as math and code, but the gains can
be domain-specific and do not always transfer.
We revisit Natural Language Inference (NLI)
and observe an NLI paradox: despite mas-
sive pretraining, general-purpose LLMs can
trail a strong DeBERTa-style NLI encoder by
about 7 points on average and show weak
separation between “simple” and hard” NLI
instances., signaling a failure to master funda-
mental logical relations. To bridge this gap,
we recast NLI as a verifiable, generative re-
inforcement learning (RL) task. By optimiz-
ing Qwen-2.5-instruct models with Group Rel-
ative Policy Optimization (GRPO) and a logic-
centric reward, we force the internalization of
relational logical primitives. Our approach
resolves the NLI Paradox, achieving a 12%
performance leap and surpassing DeBERTa
baselines. Most notably, pure NLI training ex-
hibits powerful cross-domain transfer: with-
out any domain-specific data, it yields aver-
age gains of +3.6% in math, +2.4% in code,
and +1.3% on general reasoning benchmarks,
with a remarkable +26.5% boost on MATH500
(3B). Furthermore, NLI-trained models gener-
ate 7.4% fewer tokens, demonstrating a more
efficient and compact reasoning style. Our re-
sults suggest that NLI-based RL strengthens
universal meta-reasoning skills—such as con-
sistency checking and evidence integration—
enabling broader cognitive transfer than tradi-
tional math-centric post-training.

1 Introduction

Building Large Language Models (LLMs) with ro-
bust, cross-domain reasoning capabilities remains
a fundamental challenge (Huang and Chang, 2023).
Recent breakthroughs in Reinforcement Learning
with Verifiable Rewards (RLVR) (Wen et al., 2025;
DeepSeek-Al et al., 2025) have demonstrated that
optimizing models on math and code data can

unlock emergent reasoning behaviors like self-
correction and significantly boost problem-solving
accuracy. However, these gains are often domain-
specific. Extensive training on math benchmarks
frequently fails to transfer to—and can even de-
grade performance on—general logical reasoning
tasks (Wang et al., 2024; Li et al., 2025). This sug-
gests a critical bottleneck: instead of acquiring a
universal reasoning engine, models may be overfit-
ting to domain-specific patterns, utilizing answer-
centric shortcuts rather than mastering fundamental
deductive principles.

We revisit Natural Language Inference (NLI)—a
foundational task for truth-conditional reasoning—
and observe what we term the NLI paradox . As
illustrated in Figure 1, this paradox manifests in
two surprising ways. First, there is a performance
gap: despite massive pretraining and instruction
tuning, general LLMs consistently trail specialized,
much smaller NLI encoders (like DeBERTa) (He
et al., 2021) by approximately 7 points on average
(Fig. 1, B). Second, there is a discriminative col-
lapse: while specialized models show a clear per-
formance hierarchy between “easy” (SNLI/MNLI)
(Bowman et al., 2015; Williams et al., 2018) and
“hard” (ANLI) instances (Nie et al., 2020), general
LLMs often exhibit a compressed range, failing to
dominate easy cases while sometimes performing
anomalously high on hard ones (Fig. 1, A). This
suggests that their reasoning may rely more on
surface-level pattern matching than on a systematic
logical kernel. If NLI captures the atomic units of
linguistic logic, this weakness implies that scale
alone does not guarantee robust inference, motivat-
ing our use of NLI as a direct, verifiable training
signal.

As shown in Figure 1(C), we propose a Logic-
First training paradigm. We recast NLI as a verifi-
able, generative reinforcement learning task, uti-
lizing Group Relative Policy Optimization (GRPO)
to optimize models on NLI datasets. Unlike math
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Figure 1: Overview of the NLI paradox and our logic-first solution. (A) Paradox across difficulty. Despite
massive pretraining, general-purpose LLMs can underperform a specialized NLI encoder (DeBERTa) on the
weighted average, and show an implausible pattern where hard NLI (ANLI) is relatively competitive but easy NLI
(SNLI/MNLI) remains far behind the encoder, indicating weak discriminative reasoning. (B) Paradox under
scaling. NLI ability is not positively correlated with parameter count: increasing model size does not reliably
improve NLI. Our logic-first post-training produces a phase transition, improving NLI by nearly 12% on average
for Qwen-2.5-3B/7B-instruct (Team, 2024) and surpassing the DeBERTa baseline at matched scale. (C) Overview
(Logic-first RLVR via verifiable NLI). We train on verifiable NLI with a structured rationale+label objective to
strengthen reusable logic primitives, which leads to effective cross-domain transfer as quantified in later sections.

problems that focus on deterministic numeric tar-
gets, NLI provides a relational training signal,
forcing the model to internalize the underlying logi-
cal consistency between a premise and a hypothesis.
We posit that this relational grounding strengthens
logical primitives—reusable cognitive skills such
as evidence integration and consistency checking—
that naturally radiate to other reasoning-intensive
domains.

Our experiments on Qwen-2.5-instruct (3B/7B)
(Team, 2024) demonstrates the efficacy of our
method, as evidenced by three core contributions:

1. Resolution of the NLI Paradox (The Leap):
Our Logic-First training leads to a phase tran-
sition in NLI capability. As shown in Fig-
ure 1(A), our models achieve a massive per-
formance jump, improving by nearly 12% on
average and surpassing the strong DeBERTa
baseline under comparable parameter counts.

This confirms that the logic kernel can be ef-
fectively repaired.

. Broad Cross-Domain Transfer: This
strengthened logic kernel transfers widely. In
our best pure-NLI setting on Qwen-2.5-7B,
we observe average gains of +3.5 on math,
+2.4 on code, and +1.3 on general reasoning
benchmarks. For smaller models (3B), gains
on challenging math (MATHS00) (Lightman
et al., 2023a) reach up to +26.5 points.

. Efficiency and Compactness: Perhaps most
strikingly, NLI training fundamentally alters
how the model thinks. As visualized in Sec-
tion 4 (Figure 2), comparing our NLI-trained
models against Math-trained models reveals
that NLI training significantly reduces token
usage (by ~7.4% on correct solutions). Un-
like math training, which can encourage ver-



bose chain-of-thought patterns, logic training
seemingly promotes a more concise, efficient
reasoning style without sacrificing accuracy.

Overall, our results suggest a Logic-First training
signal—verifiable NLI reasoning—can serve as a
practical catalyst for broad, efficient, and transfer-
able reasoning capabilities.

2 Related Work
2.1 RL Post-Training with Verifiable Rewards

Reinforcement learning (RL) has become a key
paradigm for post-training LL.Ms beyond super-
vised fine-tuning, including RLHF-style objectives
(Ouyang et al., 2022) and policy-optimization meth-
ods such as PPO (Schulman et al., 2017). A par-
ticularly effective setting is RLVR, where rewards
come from automatic checkers (e.g., exact-match
in math or execution-based verification in code).
Recent systems report strong gains in mathemat-
ics and coding by incentivizing longer deliberation
and self-correction (Guo et al., 2025; Yeo et al.,
2025; Lightman et al., 2023b). However, verifi-
able signals can be domain-shaped: optimizing
against narrow verifiers may encourage shortcuts
(templates, formatting tricks, heuristics) that do not
reliably transfer. We address this by using NLI—
a verifiable but relational signal—as the sole RL
objective to promote reusable logical primitives.

2.2 Natural Language Inference and Robust
Textual Entailment

Natural Language Inference (NLI), also known
as Recognizing Textual Entailment (RTE) (Poliak,
2020), benchmarks truth-conditional reasoning be-
tween a premise and a hypothesis. Datasets such
as SNLI/MultiNLI (Bowman et al., 2015; Williams
et al., 2018) and harder challenge sets like ANLI
(Nie et al., 2020) are widely used to probe robust-
ness, including failures due to spurious heuristics
(McCoy et al., 2019). While encoder models (e.g.,
BERT/DeBERTa) remain strong on NLI (Devlin
etal., 2019; He et al., 2021), generative LLMs can
be brittle on hard entailment, motivating NLI as
not only an evaluation probe but also a training
signal. Prior work uses NLI supervision for trans-
ferable representations (Chen et al., 2024), and
rationale-augmented resources (e.g., e-SNLI) pro-
vide explicit explanations (Camburu et al., 2018).
In contrast, we cast NLI as a verifiable generative
RL task, optimizing structured reasoning plus a
final label.

2.3 Reasoning Transfer, Process Supervision,
and Relational Inductive Bias

Which training signals yield transferable reasoning
beyond the source domain remains open. Chain-of-
thought prompting/supervision emphasizes inter-
mediate reasoning (Wei et al., 2023), while analy-
ses caution that gains may reflect recitation or short-
cut learning (Yan et al., 2025). From an inductive-
bias perspective, supervision that emphasizes rela-
tions (e.g., consistency) can be more reusable than
task-specific final answers (Conneau et al., 2017).
Our approach complements process supervision
and verifier-based training: by using verifiable NLI
decisions as a relational signal, we encourage ev-
idence integration, consistency checking, and de-
composition, and evaluate transfer to math, code,
and general reasoning under scale-matched set-
tings.

3 Methodology

We introduce a framework that reshapes NLI into a
verifiable reinforcement learning task, with the goal
of inducing transferable reasoning abilities. Our
method focuses on two core designs: (1) a genera-
tive reformulation of NLI that exposes reasoning as
an explicit action space, and (2) a logic-centric re-
ward that directly supervises relational consistency
rather than domain-specific answers. We train the
model using GRPO (Shao et al., 2024). Addition-
ally, we analyze the nature of the NLI training
signal in Section 3.3, contrasting it with mathemati-
cal reasoning to clarify why NLI-based supervision
promotes cross-domain generalization.

3.1 Task Formulation: Generative NLI

Let Dnir = {(P, H, L*)} denote an NLI dataset,
where P is the premise, H is the hypothesis, and
L* € £ = {Entailment, Contradiction, Neutral }
represents the ground-truth logical relation. Tradi-
tionally, NLI is modeled as a discriminative task
P(L|P, H) to predict a label given the input pair.
To induce explicit reasoning, we reformulate this
as a sequential generation task. Let z = (P, H) be
the input. The model 7y must generate a reason-
ing chain C' = (¢, ca, . . ., ¢i) followed by a final
answer A € L. The joint probability is defined as:

C|
Po(C, Alx) = ] Polcilz, c<t)-Po(Alz, C) (1)
t=1

This formulation forces the model to externalize the
logical steps linking P and H before committing



to a label, thereby transforming latent reasoning
into an observable and rewardable action space.

3.2 Logic-centric Reward Engineering

The reward function R(0) is the guiding signal for
logic acquisition. Since NLI has a ground truth
label L*, we can employ a hard correctness reward
augmented by structural constraints. The total re-
ward for an output o = (C, A) is:

R(0) = Mace - I(A = L*) + Aormat - S(C)  (2)

where Aaec and Aformat are scaling coefficients that
balance task accuracy and structural constraints.
The components are defined as follows:

* Correctness Reward [(A = L*): An indica-
tor function that yields 1 if the model’s final
answer A matches the ground-truth label L*,
and 0 otherwise.

* Structure Reward S(C): A validity check
ensuring the output follows the XML
format: <reasoning>...</reasoning>
<answer>...</answer>.

By optimizing this reward using GRPO, the model
learns that the only reliable way to maximize re-
ward is to generate valid, structured, and suffi-
ciently detailed logical derivations.

3.3 Nature of the NLI Training Signal

To clarify why our framework fosters genuine
reasoning, we contrast the NLI training signal
with that of mathematical tasks. In mathemat-
ical tasks, the reward is answer-centric, focus-
ing on matching a deterministic answer a from
Dvath = {(q,a)}. In contrast, our NLI reward
is relational: I(A = L*) depends on verifying
semantic consistency between P and H in Dyy.
This relational nature forces the model to optimize
for logical recovery of entailment rather than pat-
tern matching. While answer-centric signals risk
rote memorization, the NLI signal compels learn-
ing the underlying logic, moving from outcome
recall to acquiring transferable reasoning skills.

Our hypothesis is that this framework not only
boosts genuine reasoning but also transfers to other
inference domains. Experimental validation of
these gains is detailed in Section 4 .

4 Experiments

We evaluate whether verifiable NLI training im-
proves reasoning transfer beyond the source do-
main. To keep the section reviewer-friendly, we

structure the experiments around a small set of
questions: (RQ1) Is there an “NLI paradox” for
modern LLMs? (RQ2) Does NLI-RL transfer to
math/code/general reasoning? (RQ3) How does it
compare to domain-specific math training? (RQ4)
What factors drive transfer (e.g., input length), and
is it logic rather than format?

4.1 Experimental Setup

Base Models: Without loss of generality, we con-
duct experiments using Qwen-2.5-3B-Instruct
and Qwen-2.5-7B-Instruct (Team, 2024), cho-
sen for their strong baseline performance and
instruction-following capabilities.

Training Datasets:

* NLI-Reasoning (Ours): A curated dataset of
1000k samples merged from SNLI, MNLI, and
ANLI. (Bowman et al., 2015; Williams et al.,
2018; Nie et al., 2020)

 Mathematical Datasets:

— Simple Math: PRM800@k, representing stan-
dard arithmetic and solution-level supervi-
sion.(Lightman et al., 2023a)

— Hard Math (DAPO): A dataset focusing
on complex, competition-level mathematics
(used for comparison where applicable).(Yu
et al., 2025)

— GSMS8K-Train: The standard training set of
GSMSK.(Cobbe et al., 2021)

Evaluation Benchmarks:

¢ Mathematics: GSMS8K (Grade School Math)
(Cobbe et al., 2021) and MATHS00 (Subsampled
Challenging Math) (Lightman et al., 2023a).

¢ Coding: HumanEval (Chen et al., 2021) and
MBPP (Sanitized) (Austin et al., 2021).

* General Reasoning: MMLU (Massive Multi-
task) (Hendrycks et al., 2021b,a) and DROP (Dis-
crete Reasoning Over Paragraphs) (Dua et al.,
2019).

4.2 Implementation Details (Reproducibility)

Full training/evaluation details (GRPO hyperpa-
rameters, prompts, and reward specification) are
provided in the appendix (Appendix A, §A.1-
§A.2). Here we focus on the core empirical find-
ings.



Model Scale Training Data Math Code Reasoning Avg.
GSMS8K MATH500 HumanEval MBPP MMLU DROP Imp.
Base 77.7 30.0 75.0 57.8 64.8 52.2 -
Trained on domain data (Math & code)
Qwen2.5-Coder-instruct ~ 80.7 - 84.1 73.6 56.5 - -
DAPO 83.6 55.4 73.2 58.2 66.5 48.7 -
3B Pure NLI Variants (Ours)
ANLI 82'1T4~4 56-57‘265 75.6¢(),() 59‘2T|-4 66.9@,1 54'7T3-5 16.3
Mixed training (Ours)
GSMS8K+NLI 83. 7160  56.1426. 744,06 5944116 664116 561130 464
DAPO+NLI 84.7470  57.04270 74.4 06 57.0508 664116 499125 453
Base 86.1 63.2 82.3 63.2 74.4 65.5 -
Trained on domain data (Math & code)
Qwen2.5-Coder-instruct ~ 86.7 - 88.4 83.5 68.7 - -
DAPO 89.8 64.8 81.7 63.6 75.4 62.3 -
B Pure NLI Variants (Ours)
ANLI 90‘27*4‘] 65'4T3-2 83'5T1-2 65.271_() 74.9A()5 66'5T]-() 1.8
NLI_ALL 90.1440  66.4432 85.4+3 64.8+16 75.1107 674410 124
Mixed training (Ours)
DAPO+NLI 90.314>  67.0435 84.2419 654125 75.6100 641514 410
Table 1: Main results under a unified evaluation format. All models share the same backbone

(Qwen-2.5-3B-Instruct or Qwen-2.5-7B-Instruct),

enabling a fair comparison across different training data

and paradigms. Results are reported separately for the 3B and 7B model scales. The “Avg. Imp.” column summarizes
the average performance change relative to the corresponding Base model, highlighting the strong cross-domain

generalization of NLI-based training. For each metric
bold, and the second best is underlined. Performance im

within the same model scale, the best result is shown in
provements and degradations relative to the Base model are

indicated by green upward arrows (1) and red downward arrows (), respectively.

4.3 RQ1: The NLI Paradox

We first quantify the NLI paradox introduced in
Section 1. Figure 1 (B) highlights that modern
LLMs can remain surprisingly weak on NLI: (i)
NLI ability does not scale monotonically with
parameter count—Ilarger, stronger LLMs are not
consistently better at NLI; and (ii) even for high-
parameter, high-performing LLMs, there remains
a large gap to specialized NLI encoders (e.g., De-
BERTa). In the top plot, “weighted avg” denotes
the dataset-count-weighted average over the eval-
uated NLI datasets (i.e., each dataset receives equal
weight, rather than weighting by the number of
instances).

Simple vs. Hard NLI. In our setting, “hard NLI”
refers to adversarial or challenge-style NLI in-
stances (e.g., ANLI-style), and “simple NLI” refers
to standard NLI instances (e.g., SNLI/MNLI-style).
We keep the label space and evaluation protocol
identical across subsets; only the instance distri-

bution differs. (Full dataset construction details
and subset definitions will be provided in the final
version.)

Discriminative collapse (easy—hard separation).
Figure 1 (A) further shows that general-purpose
LLMs can exhibit a compressed separation be-
tween easy (SNLI/MNLI) and hard (ANLI) NLI
subsets, compared to specialized NLI encoders.
Our NLI-trained models restore a clearer easy—hard
ordering while also closing the overall NLI perfor-
mance gap.

4.4 Main Results: Generalization of NLI
Reasoning

We organize our evaluation into three categories
commonly used to probe LLM reasoning: Math
(GSM8K, MATHS500), Code (HumanEval, MBPP),
and General Reasoning (MMLU, DROP).

Table 1 presents the results for our primary NLI
training strategies. Across the reported bench-
marks, we observe a consistent trend: training on



Math

Code Reasoning Avg.

Model Scale Training Data

GSM8K MATHS500 HumanEval MBPP MMLU DROP Imp.

Base 77.7 30.0 75.0 57.8 64.8 52.2 -
Pure NLI Variants
MNLI 76.7¢1,0 40.8T|().g 78.7¢3_7 SS'OT(?Q 65.8¢1_() 53~6T|.4 12.7
SNLI 74.3¢3_4 48.6¢|gf, 75.6¢()_(, 58.8¢|A() 66.3T1_5 53.5T|_; 13.3
ANLI 82.1444  56.51265 75.6t06 592414 66.9121 547105 163
3B Models NLI_ALL 85.8¢3,| 54~6T24~6 75.2T()_2 58.8T|,() @TZ»U 53‘5T|<3 16.1
NLI_SHORT 741,36 37.9479 75.6106 58.0102 66.1413 525403 110
NLI_LONG 847170 459150 76241, 59.4i16 662114 53.6114 s
Avg. (NLI variants) 79.6¢1,9 47'4T|7~4 76.1¢|.] 58.77(),9 66.4¢1,(1 53.6T|,.1 4.0
Math & Mixed Baselines
Simple Math (PRM800k) - - - - - -
Hard Math (DAPO) 83.6T5'9 55'4T35~4 73-2,L1,8 58.27‘(),4 66.5T]_7 48.7¢3,5 4.7
GSMS8K_NLI 83.776_0 56. IT%-I 74.4“)_(, 59.4“,5 66.4T1_(, 56'1T3-9 16.4
DAPO_NLI 847.7¢7v() 57-0T27v0 74-4¢0.6 57-0¢0,8 66.4T]_() 49.9¢2_3 15.3
Base 86.1 63.2 82.3 63.2 74.4 65.5 -
Pure NLI Variants
MNLI 89.8437 64.0403 84.2419 65.2120 74.8104 65500 115
SNLI 90.11u0  64.8+16 84.8125  65.6104 748104 643110 +16
ANLI 90.2“,1 65-4T2‘2 83.5¢1_3 65'2T2.0 74.9¢()_5 66.5T1_(J 1.8
7B Models NLI_ALL 90.1@,_(] 66.47*3_2 @T}_l 64.8“‘(, 75'1T()-7 67'4T|-9 2.4
NLI_SHORT 90.1440  66.2430 85.443 66.413> 75.1407 69.0135 129
NLI_LONG 90.6:.5  66.8:36 86.0:5,  64.4:5 750106 678125 127
Avg. (NLI variants) 90.2@,_] 65.6T2_4 84'9T2-(7 65.37‘2‘] 74'9T()-5 66.8T|_; 12.1
Math & Mixed Baselines
Simple Math (PRMSOOk) 88.5@'4 62.4“),3 83-2T0-9 64'2T|~” 74.6¢(),2 64.6w_9 0.5
Hard Math (DAPO) 89.873_7 64.811_(, 81.7“)_(, 63.671),4 Mﬂ_[ 62.3¢3_2 10.5
GSMSK_NLI 90.6..5 652150 85415, 65015 749105 664100 12
DAPO_NLI 903140 670435 842119 65412, T5.6100 641514 110

Table 2: Comprehensive results (ablations + mixed baselines) This table consolidates (i) all pure-NLI variants
(including the NLI_SHORT/LONG length split), (ii) domain-specific baselines, and (iii) mixed training, for both
3B and 7B scales. Within each model scale and each metric column, the best result is shown in bold, and the second
best is underlined. Changes relative to the corresponding Base model are shown as subscript-style green upward
arrows (1) for improvements and red downward arrows (|) for degradations.

pure NLI logic (e.g., ANLI and NLI_ALL) im-
proves performance compared to the base model.
We further study length-based variants in Table 2:
NLI_SHORT/LONG are defined by the original
NLI input length (Premise+Hypothesis) using a
mean-length split.

Cross-domain transfer vs. specialization. Ta-
ble 1 shows a clear trade-off between domain spe-
cialization and cross-domain transfer. Specialized
models can be strongest on their home domain
(e.g., Qwen2.5-Coder-7B (Hui et al., 2024) reaches
88.4/83.5 on HumanEval/MBPP), but their out-of-
domain reasoning can lag (e.g., 68.7 on MMLU).
In contrast, pure NLI training yields broad improve-
ments: NLI_ALL reaches 74.8 MMLU at 7B and
lifts MMLU from 56.5 (Coder-3B) to 66.8 at 3B,
while also achieving large gains on MATH-500 (up

to +26.5 at 3B).

Mixed training mitigates cross-domain degra-
dation. Domain-only training can narrow im-
provements and may reduce cross-domain robust-
ness (e.g., 7B DAPO lowers DROP from 65.5
to 62.3). Adding NLI to domain data preserves
in-domain gains while mitigating this degrada-
tion: DAPO+NLI attains the best MATH-500
score (67.0) and improves MMLU to 75.6, and
GSMS8K+NLI attains the best GSMS8K score (90.6)
while maintaining strong MMLU/DROP. This sup-
ports the view that verifiable NLI provides a trans-
ferable logic signal that complements domain re-
wards rather than amplifying domain-specific short-
cuts.



4.5 Comparison with Domain-Specific
Training

To verify whether the gains are unique to NLI logic
or simply a result of post-training, we compare NLI
training against math-focused training (PRM800k,
DAPO) and mixed strategies in Table 2.

Accuracy: specialization vs. transfer. Table 2
shows that math-only training can yield narrow
improvements and even regress out-of-domain met-
rics. For example, at 7B, DAPO improves MATH500
(+1.6) and MMLU (+1.1) but drops DROP by
3.2 points (65.5—62.3) and slightly reduces Hu-
manEval (82.3—81.7). In contrast, pure NLI
training achieves broader gains: NLI_ALL im-
proves MATH500 (+3.2) while also improving Hu-
manEval (+3.1) and DROP (+1.9), consistent with
stronger cross-domain transfer.

Simple domain data can underperform pure
NLI. Importantly, a simple domain dataset is not
guaranteed to deliver strong gains even on the tar-
get domain. For instance, at 7B, PRM800k yields
only a small overall improvement (+0.5 on Avg.
Imp.) and even reduces MATH500 (63.2—62.4,
—0.8). Meanwhile, pure NLI variants are consis-
tently stronger: NLI_ALL improves both GSM8K
(86.1—90.1, +4.0) and MATHS500 (63.2—66.4,
+3.2), and also boosts code and DROP, highlight-
ing that the logic-centric signal can be more effec-
tive than “easy”” domain-only supervision.

Mixed training: strong in-domain without catas-
trophic drift. Mixed strategies can partially com-
bine the benefits: at 7B, DAPO_NLI achieves
the best MATHS500 (67.0) while keeping MMLU
high (75.6). While some metrics can still be task-
dependent (e.g., DROP is slightly lower than the
base for DAPO_NLI), overall the pattern supports
our claim that NLI provides a transferable logic
signal that complements domain rewards rather
than amplifying domain-specific shortcuts.

Efficiency: Response Token Usage. Beyond ac-
curacy, as shown in Figure 2, we also analyze the
cost of reasoning in terms of generated response
tokens. We compare pure NLI post-training against
math-only post-training using the same decoding
and a matched-correctness subset (details in Ap-
pendix A, §A.6). Under this protocol, pure NLI
training yields 7.4% fewer response tokens on av-
erage than math-only post-training, indicating a

== HumanEval MBPP == DROP =&= GSMSK Math500

200
180
160

140

120 0—<:\'
\
100 2 —
80 A/A\
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Base Math

Token Count

Math+NLI NLI
Training Data

Figure 2: Efficiency of Logic-First Training. Aver-
age completion token counts on a matched-correctness
subset for five benchmarks (GSM8K, MATHS500, Hu-
manEval, MBPP, DROP). The x-axis compares four
post-training settings (Base, Math-only, Math+NLI,
Pure NLI); the dashed vertical line separates domain-
only from adding NLI. Protocol (matched correctness,
decoding, and tokenization) is in Appendix A, §A.6.

more compact reasoning style at matched correct-
ness.

For reference, we also include the best pure NLI
setting from Table 1 for each model scale, high-
lighting that mixed training does not necessarily
outperform the strongest NLI-only configuration.

4.6 Qualitative Analysis: Why NLI Transfers

Why NLI beats simple math. We find that many
errors in math word problems stem from the fext-
to-constraints step (parsing the statement into ac-
tionable constraints), rather than arithmetic. NLI
training directly exercises semantic parsing and
consistency checking, which can repair this bottle-
neck and transfer beyond the NLI domain.

Why code can improve. We hypothesize a
lightweight “logic—code correspondence™: en-
tailment/contradiction/conditionals in NLI resem-
ble assertion/negation/branching in programs, so
strengthening verifiable conditional reasoning may
benefit code generation.

Case study. Figure 3 shows a representative
DROP instance where the base model subtracts
the wrong quantities (predicting 36), and math-
only training can still perform arithmetic over ir-
relevant numbers (predicting 1369). In contrast,
both Math+NLI and Pure NLI identify the cor-
rect quantities and relation and produce the correct
answer (214).

4.7 Ablation Studies

1. The Role of Reasoning Length: We cate-
gorize NLI training data by the original input



Context: The Dutch East India Company fleet from Batavia sailed ...... The fleet consisted of 19 ships, 1,655 European troops and 286 Asian auxiliaries, and ...... The fleet
arrived in Fort Nassau, where it was reinforced by the fort's 250-strong garrison and 36 indigenous vessels ...... the Dutch suffered six dead and 27 wounded.

Question: How many more strong garrisons were there than indigenous

First, let's identify the relevant numbers
from the passage:

- The fleet consisted of 19 ships.

- There were 286 Asian auxiliaries.

- The fort's garrison was 250 strong.
...... However, the passage does not
specify the number of strong garrisons
directly. Instead, it mentions a 250-
strong garrison and 286 Asian _ |

AAAAAA We need to look at the numbers
provided in the passage. The passage
states that the fleet consisted of
1,655 European troops (which
can be considered as strong
garrisons) and 286 Asian W/
auxiliaries (which can be

considered as indigenous vessels).

Now, we subtract the number :

Track 3 : Math + NLI

First, let's identify the relevant
numbers from the passage:

- The fleet consisted of 19 ships.

- The garrison at Fort Nassau was
250-strong.

- There were 36 indigenous vessels.
...... we can proceed as follows:

- Strong garrisons: 250 (.,

- Indigenous vessels: 36 =
Now, we calculate the difference:

Ground Truth:
214

Track 4 : Pure NLI

First, let‘s identify the number......

- The passage states that the fleet
arrived in Fort Nassau and was
reinforced by the fort's 250-
strong garrison. &2/
- It also mentions 36 indigenous
vessels.

Now, we need to find the difference
between the number of garrisons and
indigenous vessels......

auxiliaries...... w 1,655 - 286 = 1,369
‘We can proceed with the calculation:
286 -250 =36

(a) Pitfall of Specific Training(math only)

Formula Pattern Blind
Matching Calculation Ot
Lacks Semantic Grounding. Learns "how" to calculate, misses "what"

Input Text —»

250-36=214
Answer: 214

250-36=214
Answer: 214

(b) Universal Framework(NLI-Driven)

Semantic logical Math R
Representation(NLI) Inference Execution Onigpi
Domain-Agnostic. NLI provides necessary semantic logic bridging text and math.

Input Text —»

Key insight: Improved reasoning ability stems from NLI components as the foundation of semantic logic, a prerequisite for the accurate application of mathematics.

Figure 3: Case study. Representative examples comparing Base, math-only post-training, and NLI-based post-
training. NLI training tends to improve text-to-constraints decomposition and spec-consistent control flow.

Model Scale Training Data / Condition Math Code Reasoning Avg.
GSM8k Math500 HumanEval MBPP MMLU DROP Imp.
Base 86.1 63.2 82.3 63.2 74.4 65.5 -
7B NLI_ALL (COI‘I‘BCt) 90.17\4_() 66.4T3_2 85‘4T3-| 64.811_(, 74.87()_4 67.4T|_g 12.2
Random Labels 86‘3T()_2 62.4“).3 83.5T1,z 64~2T|‘0 74.40,() 66.2T0_7 10.4
Swap (Inverted) 86.7T(;_6 63.0‘“)_2 82.7¢()_4 63.4¢[)_2 74.5¢0_1 66.3T0_x 10.3

Table 3: Sanity checks on label semantics. Results are reported for Qwen-2.5-7B-Instruct under identical training
settings. Within each metric column, the best result is shown in bold, and the second best is underlined. Performance
changes relative to the Base model are indicated by subscript-style green upward arrows () for improvements and
red downward arrows (|) for degradations. Correct-label NLI training yields substantially larger gains than control

conditions with randomized or inverted labels.

length (Premise+Hypothesis). Specifically, we
compute the token length of each input and split the
dataset by the mean length (1): Long (> p) and
Short (< p). Table 2 reports the corresponding
NLI_SHORT and NLI_LONG variants alongside
corpus ablations and baselines. Overall, longer NLI
inputs tend to yield larger gains on math (especially
MATH500) and HumanEval, while the effect can
be task-dependent (e.g., some code/general reason-
ing metrics).

2. Logic vs. Format: Table 3 compares correct-
label NLI training against control variants with
randomized or inverted labels (keeping the same
output format). Random or inverted labels yield
much smaller gains than correct labels, suggest-
ing that improvements come from learning label
semantics (logic) rather than memorizing a format.

5 Conclusion

We present a logic-first route from language to
general reasoning via verifiable NLI training. By

casting NLI as a generative RL objective, we ob-
serve a clear NLI leap that resolves the NLI para-
dox and transfers to mathematics, code genera-
tion, and general reasoning under scale-matched,
comparable training budgets, often more robustly
than math-only post-training. We argue that NLI
is an effective training signal because it exercises
reusable inferential primitives; empirically, closing
the NLI gap and restoring the easy—hard separation
(Figure 1) correlate with more compact solutions
at matched correctness (Figure 2) and improved
text-to-constraints reasoning in our case study (Fig-
ure 3). We hope this work encourages further study
of verifiable, language-level supervision as a prac-
tical path to cross-domain reasoning transfer.

Limitations

While NLI training significantly boosts general
reasoning and foundational math skills, we ac-
knowledge certain limitations. First, for highly
specialized, high-difficulty domain tasks—such as



Olympiad-level mathematics or code generation in-
volving obscure libraries—pure NLI training may
not fully replace domain-specific knowledge injec-
tion. NLI processprovides the logical skeleton, but
expert-level tasks often require a deep reservoir of
domain-specific facts. Second, our experiments are
primarily conducted on the Qwen-2.5 series of mid-
sized models (3B and 7B). While we hypothesize
that our findings hold for larger scales, comprehen-
sive validation on 70B+ parameter models remains
future work. Finally, although we utilized long
Chain-of-Thought NLI data, automatically gener-
ating high-quality, high-complexity NLI samples
remains a challenge. Future research could explore
using the model itself to generate adversarial exam-
ples for self-play reinforcement learning.
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A Appendix

A.1 Training Implementation Details

Hyperparameters. We train all models using
Group Relative Policy Optimization (GRPO). We
use the same configuration for both Qwen-2.5-3B-
Instruct and Qwen-2.5-7B-Instruct to ensure a fair
comparison. The reference model is the initial SFT
model (Qwen-2.5-Instruct) frozen during training.

GRPO Hyperparameters (Appendix)

Hyperparameter Value

Group Size (G) 16

KL Coefficient (5) 0.04

Learning Rate le-6

LR Scheduler Cosine

Global Batch Size 128

Max Sequence Length 2048

Reward Function Binary (Correctness) + Format
Training Steps 500

Optimizer AdamW

.

Training Setup. All models were trained on a
single node with 8 NVIDIA A100 GPUs. We use
data-parallel training with synchronized updates
across all devices.

Reward Function. Our reward function con-
sists of two components: 1. Correctness Re-
ward (r4..): A binary reward of +1 if the pre-
dicted NLI label (Entailment, Neutral, or Con-
tradiction) exactly matches the ground truth, and
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0 otherwise.
small penalty or bonus to enforce the XML struc-
ture <reasoning>...</reasoning><answer>...
</answer>. In our experiments, we found that
Qwen-2.5 models adhere to format well, so this
term has a low weight (0.1).

A.2 Prompt Templates

NLI Training Prompt. During training, we wrap
each NLI instance in the following template to en-
courage Chain-of-Thought reasoning. The model
is trained to generate the content within the XML
tags.

NLI Training Prompt

System: You are a helpful logical reasoning assis-
tant. Given a premise and a hypothesis, determine the
logical relationship between them (Entailment, Con-
tradiction, or Neutral). First, analyze the semantic
and logical details step-by-step in a reasoning block.
Then, output the final label in an answer block.
User: Premise: {premise} Hypothesis: {hypothesis}
Please analyze the relationship.

Assistant: <reasoning> {Model generates CoT here}
</reasoning> <answer> {Label} </answer>

\

Example: Converting raw NLI into a trainable
prompt. Below is a representative example illus-
trating how we reformat an original NLI pair into
a unified prompt-and-response format to enable
large-scale training (e.g., our 1000k NLI pool).

Trainable NLI Prompt Example

Premise: She had thrown away her cloak and
tied her hair back into a topknot to keep
it out of the way.

Hypothesis: She tied her hair up with a
ribbon

You are an NLI classifier. Decide whether
the hypothesis is entailment, neutral, or
contradiction with respect to the premise.
You FIRST think about the reasoning process
as an internal monologue and then provide
the final answer. The reasoning process
MUST BE enclosed within <think> </think>
tags.

The final answer MUST BE put in \boxed{}.
Required format:

<think> ... </think>
\boxed{entailment|neutral|contradiction}

. J

Evaluation Prompts. For downstream bench-
marks (Math, Code, General Reasoning), we use
standard zero-shot prompts. For GSMS8K and
MATHS500, we simply ask the model to "Solve
the following problem step by step" to trigger its
learned reasoning capabilities.
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2. Format Reward (r/,,:): A A.3 Dataset Construction Details

Data Sources. Our training dataset is constructed
from three primary NLI corpora:

* SNLI (Stanford NLI): Sourced from image
captions, representing grounded, everyday rea-
soning.

* MNLI (Multi-Genre NLI): Covering various
genres like fiction, government reports, and
telephone speech.

* ANLI (Adversarial NLI): Hard examples
constructed to fool simpler models, provid-
ing a stronger signal for robust logic.

Rationale Augmentation. Since original NLI
datasets only contain labels, we augment them with
reasoning paths using GPT-40. We construct a few-
shot prompt with high-quality logical explanations
and query GPT-40 to generate rationales for 100k
sampled instances.

Quality Filtering. To ensure the "Reasoning Ker-
nel" is clean, we apply a consistency filter: we
verify if the rationale generated by the teacher
model leads to the correct ground-truth label. If
the teacher’s reasoning is ambiguous or concludes
with a wrong label, the sample is discarded. This
process yields our final NLI-Reasoning dataset.

A4 Additional Qualitative Examples

We provide additional qualitative examples in the
released artifacts. The main paper includes the
primary case study figure in Section 4.

A.5 Additional Analysis Notes

Relational vs. answer-centric supervision (in-
terpretive). Under verifiable RL, NLI provides
a relational signal (correctness depends on the
premise—hypothesis relation), whereas many math
settings provide an answer-centric signal (correct-
ness depends on an exact final answer). A plausi-
ble hypothesis is that NLI-RL induces a stronger
relational inductive bias that is reusable for con-
straint propagation and consistency checking; we
leave mechanistic measurements (e.g., representa-
tion similarity or probing) to future work.

Why longer NLI inputs can help (interpretive).
Longer NLI inputs tend to contain more nested con-
ditionals and long-range dependencies. Training
on such instances may encourage maintaining log-
ical consistency over longer contexts, which can



Model ANLI MNLI-mm MNLI-m SNLI Weighted Avg.
Qwen2.5-3B-Instruct 56.3 80.7 80.7 79.8 78.03
Qwen2.5-7B-Instruct 60.8 83.8 83.0 81.3 80.57
deepseek-rl 78.1 81.0 82.0 81.9 81.28
deepseek-ai_DeepSeek-V3  76.0 82.8 83.9 79.8 81.58
Qwen2.5-72B-Instruct 73.2 85.9 85.7 82.0 83.42
gpt-4o 75.4 83.9 83.2 87.6 83.98
Qwen2.5-14B-Instruct 70.3 86.7 86.4 84.8 84.45
gemini-2.5-pro 80.5 84.1 84.1 86.5 84.50
gemini-2.5-pro-nothinking ~ 81.2 84.6 85.3 85.2 84.66
01-mini-2024-09-12 79.8 87.7 88.2 85.8 86.52
DeBERTa-v3-large 70.2 90.8 91.2 92.2 89.32
3B (ours) 90.5 90.4 90.7 91.5 90.83
7B (ours) 93.2 93.8 93.6 94.1 93.77

Table 4: Figure 1 (Top) underlying scores. Filtered accuracy (%) on valid samples across NLI datasets. Models
are sorted by the weighted average (weighted by evaluation set sample counts). Ours are shown in bold.

transfer to multi-step word problems and longer
code-generation tasks. We treat this as an explana-
tion rather than a mechanistic claim.

A.6 Token Counting Protocol for Figure 2

Figure 2 compares response length (generated to-
kens) between pure NLI post-training and math-
only post-training under a matched protocol:

» Tasks: We aggregate four downstream bench-
marks used throughout the paper: GSMS8K,
MATH500, HumanEval, and MBPP.

Matched correctness subset: For each
benchmark, we keep only those evaluation
instances where both compared models are
correct under the same evaluation metric (ac-
curacy for GSMS8K/MATHS500; pass@1 for
HumanEval/MBPP). This controls for the con-
found that incorrect solutions can be arbitrar-
ily short or long.

Decoding: We use the same decoding settings
for both models, including the same max gen-
eration length and stopping criteria.

Token counting: We count the number of
generated tokens in the model completion (ex-
cluding the prompt), using the tokenizer cor-
responding to the evaluated base model.

A.7 Additional Tables

All comprehensive results are included in the main
paper (Table 2). We omit duplicate result tables
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in the appendix to save space, but provide supple-
mentary tables that support figures in the main text.
Figure 1 (A and B)’s scores are in Table 4

A.8 Code and Data Availability
Our code and reconstructed training data will be
released upon paper acceptance.

A.9 AI Assistance Disclosure

We used an Al assistant only to help with code-
writing and English polishing. All core experi-
ments and data processing were performed by the
authors.
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