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Abstract

Despite recent advances in the reasoning capabilities of Large
Language Models (LLMs), improving the reasoning ability
of Small Language Models (SLMs, e.g., up to 1.5B param-
eters) remains challenging. A key obstacle lies in the com-
plexity and variability of natural language: essentially equiv-
alent problems often appear in diverse surface forms, often
obscured by redundant or distracting details. This imposes a
dual burden on SLMs: they must first extract the core prob-
lem from complex linguistic input, and then perform reason-
ing based on that understanding. The resulting vast and noisy
problem space hinders optimization, particularly for mod-
els with limited capacity. To address this, we propose a new
framework that decouples understanding from reasoning by
mapping natural language problems into a canonical problem
space-a semantically simplified yet expressive domain. This
enables SLMs to focus on reasoning over standardized in-
puts, free from linguistic variability. Within this framework,
we introduce DURIT (Decoupled Understanding from Rea-
soning via Iterative Training), a three-step algorithm that iter-
atively: (1) mapping natural language problems via reinforce-
ment learning, (2) aligns reasoning trajectories through self-
distillation, and (3) trains reasoning policies in the problem
space. The mapper and reasoner are co-trained in an alternat-
ing loop throughout this process. Experiments show that DU-
RIT substantially improves SLMs’ performance on both in-
domain and out-of-domain mathematical and logical reason-
ing tasks. Beyond improving reasoning capabilities, DURIT
also improves the robustness of reasoning, validating decou-
pling understanding from reasoning as an effective strategy
for strengthening SLMs.

Code — https://github.com/monster4d76/DURIT
Extended version — https://arxiv.org/pdf/2508.10019

Introduction

Large Language Models (LLMs) (Yang et al. 2025a) have
demonstrated remarkable advances in reasoning capabilities
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(Bi et al. 2025; Luo et al. 2025a; Wen et al. 2024). How-
ever, most existing research has primarily focused on rela-
tively large models (Guan et al. 2025; Li 2025; Shen et al.
2025), while the reasoning abilities of Small Language Mod-
els (SLMs, e.g., < 1.5B) remain not fully explored. De-
spite their limited capacity, SLMs hold significant promise
in edge-deployed scenarios and latency-sensitive applica-
tions due to their compact size and fast inference (Sun et al.
2020; Xu et al. 2024). Nevertheless, enhancing their reason-
ing capabilities remains a significant challenge due to their
limited parameter capacity.

Recent efforts to improve LLM reasoning have focused
on enhancing Chains of Thought (CoT) (Wei et al. 2022), us-
ing techniques like search-based reasoning (Li 2025; Guan
et al. 2025) and error correction (Ma et al. 2025; Yang et al.
2025b). However, due to limited capacity, SLMs struggle to
generate complex reasoning traces, making such approaches
less effective. Knowledge Distillation (KD) is a common
strategy for improving SLMs by transferring reasoning abil-
ities from larger teacher LLMs via teacher-generated traces
(e.g., CoT) or token-level supervision. However, distribu-
tion and capacity mismatches between teacher and student
models pose challenges for both data and teacher selection.
KD heavily depends on diverse, high-quality data (Gu et al.
2025): overly simple examples may cause overfitting to shal-
low patterns (Shumailov et al. 2024), while complex CoT
traces may exceed the capacity of SLMs and hinder learn-
ing (Li et al. 2025). Teacher-student mismatches can further
degrade performance (Cho and Hariharan 2019; Chen et al.
2025), underscoring the challenge of distilling high-quality
reasoning into SLMs.

Unlike KD, reinforcement learning (RL) enables models
to autonomously explore solutions, often yielding stronger
generalization (Chu et al. 2025; Huan et al. 2025). The
strong performance of DeepSeek-R1 (Shao et al. 2024) fur-
ther underscores RL’s potential in enhancing the reasoning
capabilities of LLMs. However, SLMs face unique chal-
lenges: they must comprehend the semantic complexity of
natural language problems and perform multi-step reason-



ing despite limited capacity. The vast state space induced by
natural language severely limits the efficiency of RL. Even
superficial variations in problem phrasing can mislead mod-
els (Mirzadeh et al. 2024; Liu et al. 2025a), which often
rely on shallow heuristics rather than genuine understand-
ing. This suggests that models may fail to grasp the essence
of the problems and are easily distracted by surface-level
linguistic variations. In contrast, humans readily generalize
across diverse surface forms once they grasp the essence
of the problems. This contrast raises a key question: how
can models acquire such essential understanding and gener-
alize in a human-like manner? We address this by propos-
ing a new perspective—rather than reasoning directly over
the high-dimensional, noisy space of natural language, we
first map problems into a lower-dimensional, standardized
problem space. This transformation reduces spurious vari-
ability and constrains the search space by clustering essen-
tially similar problems into more representative and canon-
ical forms. As a result, it compresses the state space, high-
lights the essence of the problem, and alleviates the burden
of superficial language understanding, thereby improving
exploration efficiency. Crucially, our approach is orthogonal
to existing CoT-based methods: problem space transforma-
tion acts as a front-end normalization layer, enabling more
effective and robust downstream reasoning.

In this paper, we propose a general framework that
maps natural language problems into a more abstract, low-
dimensional, and semantically canonical space, effectively
reducing the complexity of the original problem space.
Within this space, models can learn and reason more effi-
ciently. We instantiate this framework with a novel three-
step alternating training algorithm: (1) a problem-space
mapper is trained using RL and implicit templates to
map natural language problems into standardized, low-
dimensional forms; (2) self-distillation transfers this map-
ping capability into a SLM; and (3) a reasoning model is
trained via RL to operate within the problem space. The
mapper and the SLM are optimized in an alternating fashion,
enabling iterative improvement in reasoning ability. To vali-
date the effectiveness of DURIT, we conduct comprehensive
empirical studies using models from the LLaMA (Grattafiori
et al. 2024) and Qwen (Yang et al. 2025a) families, with pa-
rameter sizes ranging from 0.5B to 1.5B. Even when trained
solely on the GSM8K (Cobbe et al. 2021) dataset, DURIT
achieves significant gains across a range of in-domain and
out-of-domain datasets, including those focused on math-
ematical and logical reasoning, and demonstrates strong
generalization capabilities. Unlike traditional CoT-based ap-
proaches, DURIT introduces a paradigm that enhances rea-
soning by compressing the problem space. Our main contri-
butions are summarized as follows:

* We propose a general framework that maps natural lan-
guage problems into a standardized, low-dimensional
space, reducing the effective state space and improving
exploration and sample efficiency.

* We introduce DURIT, a three-step alternating training
algorithm that decouples understanding from reasoning
and progressively enhances the reasoning ability and
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robustness of SLMs through iterative co-training of a
problem-space mapper and a reasoning model.

Experiments show that DURIT yields substantial perfor-
mance gains on both mathematical and logical reasoning
tasks, across in-domain and out-of-domain settings, even
with limited training data. In addition to improved accu-
racy, DURIT enhances reasoning robustness, indicating
a deeper grasp of the problem’s underlying essence and
improved generalization across varied formulations.

Related Work
Prompt Optimization

Prompt optimization improves test-time performance by
refining LLM inputs. Some approaches use paraphras-
ing (Yuan, Neubig, and Liu 2021; Deng et al. 2024), while
others apply RL to explore prompt formats more effec-
tively (Deng et al. 2022; Zhang et al. 2022). PRewrite (Kong
et al. 2024) trains an LLM via PPO (Schulman et al. 2017)
using response accuracy as reward, but incurs high inference
cost due to LLM-based prompt generation. AbstRaL (Gao
et al. 2025) improves reasoning robustness by abstracting
problems into symbolic forms and delegating reasoning to
external toolchains. Unlike prior work, our goal is to elimi-
nate reliance on external tools and enable reasoning entirely
within the natural language space. To achieve this, we train
a problem space mapper via RL and distill its transforma-
tion behavior into the SLM, leading to improved reasoning
performance and robustness.

Knowledge Distillation

Knowledge distillation transfers knowledge from a large
teacher to a smaller student and can be divided into offline
and online paradigms. Offline KD uses teacher-generated
data. Std-CoT (Magister et al. 2023) fine-tunes students on
CoT demonstrations, while NesyCD (Liao et al. 2025) dis-
tills general capabilities and incorporates external knowl-
edge. Online KD requires the teacher to provide token-
level supervision during inference. Vanilla-KD (Muralidha-
ran et al. 2024) distills hidden states and output probabilities,
BOND (Sessa et al. 2024) employs self-distillation based on
the model’s best responses, and STaR (Zelikman et al. 2024)
fine-tunes on self-generated CoT traces with correct final an-
swers to improve performance. In contrast to prior work, our
method focuses on self-distillation to transfer knowledge in-
ternally, enabling the model to generalize its learned capa-
bilities to unfamiliar tasks.

Reinforcement Learning for LLM Reasoning

Reinforcement Learning has proven effective in enhancing
the capabilities of large language models. Reinforcement
learning from human feedback (RLHF) (Bai et al. 2022;
Ouyang et al. 2022) is now a standard approach for aligning
model outputs with human preferences. Recent work such as
DeepSeek-R1 (Shao et al. 2024) and Kimi K1.5 (Team et al.
2025) shows that techniques like GRPO can significantly
boost reasoning ability, highlighting the promise of RL with
verifiable rewards (RLVR). Building on this, many studies
have proposed further refinements (Yu et al. 2025; Team



et al. 2025; Liu et al. 2025b). However, the vast and com-
plex state space of natural language poses a major challenge
to efficient exploration. To address this, we propose a prob-
lem space mapping that projects the original space into a
lower-dimensional, more organized representation, thereby
improving RL efficiency.

Decoupling Language Understanding From
Reasoning

The inherent complexity of natural language presents a
dual challenge for SLMs: interpreting subtle semantic nu-
ances and performing reasoning, both constrained by limited
model capacity. To address this, we propose a general frame-
work that decouples understanding from reasoning. At its
core is the notion of a problem space—a standardized, low-
dimensional representation that abstracts surface variabil-
ity while preserving essential semantics. By mapping fun-
damentally similar questions to nearby representations, the
problem space reduces input complexity and offers a more
interpretable and learning-efficient interface for downstream
reasoning. As shown in Appendix, standardizing complex
questions mitigates misinterpretation and improves reason-
ing accuracy. Formally, let O denote the space of natural lan-
guage questions, and let P C L be a finite set of canonical
forms drawn from the natural language space £. We define
a mapping f : @ — P that assigns each question ¢ € Q to
a canonical representation p = f(q) € P. The construction
of P and f is guided by the objective:

max  Eg.o [Acc(f(q); 0)]

{dim(P) < dim(Q), ()
Dist(f(q1), f(g2)) <€, V(q1,q2) €S,

where the SLM with parameters 6 has accuracy
Acc(f(q);0) on the mapped input, and S is a set of
fundamentally similar question pairs. The constraints
encourage state compression and enforce a standardized
structure within the problem space.

Based on this formulation, we propose a unified frame-
work (Figure 1) that leverages a dedicated problem space
mapper to project natural language questions into a stan-
dardized representation. By clustering fundamentally sim-
ilar problems, this mapping reduces the exploration space
and improves both sample and exploration efficiency during
SLM training. As the model advances within this space, its
ability to solve more complex problems increases, gradually
shifting the underlying problem distribution. To adapt, our
framework adopts an iterative training paradigm that alter-
nates between updating the problem space mapper and re-
fining the reasoning model, enabling their co-evolution. Re-
ducing the problem space dimensionality enhances explo-
ration and speeds up convergence. Follow (Cui et al. 2025),
we model the problem using a bandit setting and apply a
simplified Upper Confidence Bound, showing that the regret
bound decreases with problem space dimensionality through
the following theorem.

Theorem 1. Let O be a finite set of natural language prob-
lems, viewed as distinct states s, and let A denote the set of
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Figure 1: An illustration of our framework for decou-
pling understanding from reasoning. The original natural
language space is complex and high-dimensional, mak-
ing exploration difficult; mapping to a standardized, low-
dimensional problem space compresses the state space and
facilitates more efficient exploration.

candidate responses. At each round t € {1,...,T}, a SLM
observes a problem s; € Q, selects an action a; € A, and
receives a reward 1 (s, at). Suppose learning is performed
via a state-wise Upper Confidence Bound (UCB) algorithm
in a contextual bandit setting. Then, in the state-independent
worst case, the total regret after T' rounds is bounded by

RT=O<\/\Q|-|A|-T-111T),

where |.| is the number of element of the set.

The proof is provided in Appendix. While the UCB set-
ting simplifies that of LLMs, Theorem 1 offers valuable in-
sight into how reduced problem space dimensionality im-
proves exploration. Specifically, mapping from Q to P com-
presses the space by a ratio « = |P|/|Q] < 1, tightening
the regret bound by a factor of /c. This result supports our
central motivation: leveraging standardized abstraction can
make reasoning training more efficient for SLMs.

Methods

We propose Decoupled Understanding from Reasoning via
Iterative Training (DURIT), which designs to enhance the
reasoning ability of SLMs by decoupling problem under-
standing from reasoning. As illustrated in Figure 2, DURIT
consists of three alternating steps: (1) Problem Mapper
Training: a problem mapper M is trained via RL, guided by
implicit templates, to map original natural language prob-
lems into problem space. (2) Self-Distillation: The trans-
formation capability is internalized into reason the SLM R
via self-distillation, enabling it to directly process complex
problems without reliance on the external mapper M at in-
ference time. (3) RL Training: the SLM R is further opti-
mized using RL to improve its reasoning performance. The
three steps are repeated iteratively, progressively strength-
ening the model’s reasoning through alternating phases of
understanding and reasoning. The complete pseudocode is
provided in Appendix.

Step I: Problem Space Mapper Training

To decouple understanding from reasoning, a problem space
mapper M is instantiated as an LLM that maps natural lan-
guage questions into a standardized problem space. While
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Figure 2: Framework of the DURIT Method. After KNN-based clustering, DURIT (1) compresses problems via implicit map-
ping, (2) distills this into the SLM, and (3) optimizes it through reinforcement learning with alternating co-training.

explicit templates enforce standardization, they are labor-
intensive and may impede comprehension by SLMs. To
balance standardization and flexibility, an implicit template
mechanism is proposed, using a codebook to softly guide
the output style of M. The mapping aims to 1) improve
SLMs’ understanding and 2) reduce the complexity of the
problem space. To facilitate this, we cluster the training data
based on fundamental question similarity using k-Nearest
Neighbors (kNN) over representations z; encoded from each
question @);, its description, and answer via model M. As
no ground-truth labels exist, we adopt GRPO (Shao et al.
2024) to optimize M based on the average correctness 7, of
frozen SLM’s responses to mapped problem Q). To prevent
M from solving the problem directly, we apply a cheating
penalty 7cheating if @}, includes solution-specific terms (e.g.,
keywords like “answer value”) not present in ;. The total
reward is:
Ty = Tacc 1 Tcheating- )
However, RL alone cannot sufficiently enforce standard-
ization. To simplify the problem space, implicit templates
conditioned on cluster labels ¢; are introduced. Specifically,
a codebook C of n implicit template tokens {717, ...,T},}
and corresponding query keys {ki, ..., k,} is constructed,
with both {7;} and {k;} randomly initialized parameters
and optimized by loss. During training, for each problem
Qi the template token T, is selected and concatenated with
the original input as z; = [Q;; Tt,], guiding M to produce
the mapped question @);. To encourage alignment between
Q) and its assigned template, we define a template similar-
ity loss based on the InfoNCE (He et al. 2020) objective:

exp ((z’tu l>)
D i1 €xp (<ZT7TJ>) ’

where (-,-) denotes the inner product, z; is the normalized
representation of the mapped problem @} and 7 is a tem-
perature hyperparameter. At inference, with ¢; unavailable,
the best-matching implicit template is selected via cosine
similarity between the input question embedding q; (both

—log 3

Etemplate—sim =
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z; and q; are approximated by averaging the word embed-
dings) and learned template query keys. A key similarity loss
is introduced to facilitate key learning:

exp ( <Qi;ki> )
Z;LZI exp ((qi;kﬂ) ’

Gradients from k; are detached to prevent interference with
the training of M, and only the template keys are updated.
The overall loss function jointly optimizes the mapping pol-
icy and template-based constraints:

Ltotal = Acpg + a1 ﬁkey—sim + OéQACtemplatefsim; (5)

where L, denotes the policy gradient loss from GRPO, and
a1, aip are hyperparameters balancing different losses.

—log

“4)

Ekeyfsim =

Step II: Self-Distillation Training

After training the problem space mapper M, its transfor-
mation capability is internalized into the SLM via self-
distillation. Specifically, M transforms the original dataset
Dy into a normalized form D; = {Q; = M(Q;) | Q; €
Dy}, where the mapped questions are designed to facili-
tate easier reasoning for the SLM. We then sample N re-
sponses using SLM on each @), € Dj, and construct a
filtered dataset: Do {(Qi,Ql,yi) | Qi € Do, y; =
R(Q}), answer(y;) = True}, where y; denotes the
model’s response and answer(y;) evaluates its correctness.
The core idea is to encourage SLM to replicate on @Q; the
reasoning behavior it exhibits on Q. To achieve this, we
treat (Q},y;) as a teacher pair and (Q;,y;) as the corre-
sponding student pair. The SLM is trained using a combined
loss of supervised fine-tuning Lgpt and KD Lkp:

oy exp(a*/7) ;
p()ﬁﬂmwm’ ©
1 l
- —lo S(a:f)
l kZ:: - pe(D) (7

+ AKLpi(eb) || po(eh)]



where [ is the sequence length, :cf the k-th token of y;, and
Ps, Pt the student’s and teacher’s softmax outputs for prefix
inputs @; and @, respectively. The parameter A balances
the losses. This setup allows the student to internalize M
without accessing it at inference.

Step III: Reinforcement Learning Training

After distilling the transformation capability into the SLM,
the model is further trained via RL to explore and reason di-
rectly in the original problem space, leveraging its internal-
ized understanding. Specifically, we fine-tune the SLM on
the original training dataset Dy using the GRPO algorithm,
with answer correctness serving as the reward signal. As the
reasoning model improves, its ability to interpret and gen-
eralize evolves, potentially altering the optimal structure of
the problem space. To accommodate this, the problem space
mapper M and the reasoning model R are trained iteratively,
enabling continual refinement of the problem space and pro-
gressive enhancement of reasoning capabilities.

Experiments
Datasets

All experiments train models solely on GSM8K (Cobbe
et al. 2021). Evaluation considers both in-domain
(IND) and out-of-domain (OOD) settings: GSMS8K-
Platinum (Vendrow et al. 2025) for IND, and
MAWPS (Koncel-Kedziorski et al. 2016), SVAMP (Patel,
Bhattamishra, and Goyal 2021), MATH500 (Hendrycks
et al. 2021), and GAOKAO (Zhang et al. 2024) for OOD
mathematical reasoning. Broader reasoning is evaluated on
LogiQA (Liu et al. 2020). This setup enables systematic
analysis of DURIT’s impact on SLM reasoning across
diverse domains.

Baselines and Metric

We compare DURIT against representative baselines in four
categories: (1) CoT Distillation: including Std-CoT (Mag-
ister et al. 2023) and STaR (Zelikman et al. 2024), where
N CoT responses per question are sampled and correct
ones are filtered for fine-tuning; (2) Prompt Optimization:
PRewrite (Kong et al. 2024) using RL to optimize prompts;
(3) RL-Based Methods: GRPO (Shao et al. 2024); and (4)
Knowledge Distillation: Vanilla-KD (Muralidharan et al.
2024), which requires online teacher LM inference. In our
setup, the mapper model serves as the teacher. Following
prior work (Sheng, Li, and Zeng 2025), answer accuracy is
the primary metric. Further baseline details are in Appendix.

Implementations

To evaluate the generalization capability of DURIT, we test
different base models, including recent strong instruction-
following and reasoning-oriented models such as Qwen2.5-
0.5B-Instruct (Yang et al. 2025a) and Llama3.2-1B-Instruct
(Grattafiori et al. 2024). For the mapper model, we use
Qwen2.5-3B-Instruct for the Qwen family, and Llama3.2-
3B-Instruct for the Llama family to ensure architectural ho-
mogeneity. The codebook contains 32 implicit templates,

33579

with loss coefficients o le—3 and as = le—2. Train-
ing is conducted in three steps: Step I runs for 1 epoch, Step
II for 5 epochs, and Step III for 3 epochs. All experiments
are carried out on 2 A100 GPUs with 40GB memory. For in-
ference, we employ greedy decoding without vVLLM (Kwon
et al. 2023) acceleration. Additional implementation details,
as well as more experimental results, parameter analyses,
and training time comparisons, can be found in Appendix.

Main Results

As shown in Table 1, DURIT outperforms all baselines on
both IND and OOD benchmarks. Remarkably, even when
trained solely on the GSMS8K dataset, DURIT consistently
delivers substantial performance gains on all datasets. With
just a single iteration, it achieves average accuracy improve-
ments of 2.06% and 2.35% over the strongest baseline meth-
ods on Qwen2.5-0.5B-Instruct and Llama3.2-1B-Instruct,
respectively. Importantly, DURIT achieves these gains with-
out relying on external large models for CoT supervision.
Instead, it fully exploits the model’s own reasoning abilities
to explore, adapt, and transfer prior knowledge. Remark-
ably, DURIT even outperforms distillation-based methods
that depend on stronger teacher models such as DeepSeek-
R1. As it operates entirely within the model itself, DU-
RIT avoids additional API costs and infrastructure over-
head, offering broad applicability and high cost-efficiency.
DURIT’s reasoning ability is further enhanced through a
second iteration of training: even when continuing to use
the GSMS8K dataset, it yields an average accuracy gain of
0.36% on Qwen2.5-0.5B-Instruct and 0.69% on Llama3.2-
1B-Instruct. Greater improvements are observed when us-
ing different datasets in the second iteration (see later Sec-
tion ), demonstrating DURIT’s strong generalization across
domains and its effectiveness in reducing the cognitive load
of reasoning acquisition.

Reasoning Robustness Evaluation

By projecting natural language questions into a more in-
trinsic and low-dimensional problem space, DURIT focuses
on the essential semantics of the problem. This abstraction
reduces variation from surface-level expressions and sup-
presses spurious or irrelevant cues, thereby enhancing the
robustness of reasoning. To verify this claim, we evaluate on
the GSM-Symbolic benchmark (Mirzadeh et al. 2024) us-
ing Qwen2.5-0.5B-Instruct and LLaMA3.2-1B-Instruct. As
the original dataset contains only 100 examples and exhibits
high variance, we follow (Gao et al. 2025; Liu et al. 2025a)
and adopt the relative drop in average accuracy as a robust-
ness metric. Results are reported in Table 2. DURIT attains
an almost minimal relative drop in accuracy among all meth-
ods, indicating that its reasoning gains are accompanied by
notably enhanced robustness. Results for additional model
scales are provided in Appendix.

Performance Across Different Iterative Training
Data

To evaluate the impact of iterative training datasets on
DURIT, we conducted a second iteration using GSMS8K,



In-Domain Out-of-Domain
Methods . . Average
gsm8k-platinum | MAWPS SVAMP MATHS500 GAOKAO LogiQA

# Qwen2.5-0.5B-Instruct based

Base (Yang et al. 2025a) 45.74 54.23 54.67 27.80 18.55 14.44 3591
CoT-Dis (Magister et al. 2023) 44.67 55.77 58.33 18.80 12.90 30.41 36.81
STaR (Zelikman et al. 2024) 51.86 57.88 61.67 29.60 18.55 23.50 40.51
GRPO (Shao et al. 2024) 51.03 58.08 61.00 27.40 21.77 22.73 40.34
PRewrite (Kong et al. 2024) 47.23 56.73 57.00 29.80 19.35 23.96 39.01
Vanilla-KD (Muralidharan et al. 2024) 49.30 57.69 61.67 30.4 23.39 20.74 40.53
DURIT (ours, iter=1) 53.68 60.19 62.67 31.00 23.39 24.58 42.59
DURIT (ours, iter=2) 53.10 60.38 63.00 32.80 22.58 25.81 42.95

# Llama3.2-1B-Instruct based

Base (Grattafiori et al. 2024) 30.52 5.77 20.67 22.60 12.10 1.54 15.53
CoT-Dis (Magister et al. 2023) 48.06 56.92 57.67 24.60 12.90 21.81 36.99
STaR (Zelikman et al. 2024) 36.31 52.50 54.33 20.00 16.94 8.45 3142
GRPO (Shao et al. 2024) 48.39 59.23 57.67 26.40 16.13 4.45 35.38
PRewrite (Kong et al. 2024) 35.81 41.34 46.00 18.80 12.10 3.53 26.26
Vanilla-KD (Muralidharan et al. 2024) 42.35 64.23 62.67 22.40 16.13 7.99 35.96
DURIT (ours, iter=1) 50.37 59.62 64.33 26.00 14.52 21.20 39.34
DURIT (ours, iter=2) 52.36 62.31 66.00 27.60 12.10 19.82 40.03

Table 1: Performance (%) of Qwen2.5-0.5B-Instruct and Llama3.2-1B-Instruct models across six representative benchmarks
under various methods. The bold and underline indicate the best and second-best results, respectively.
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Figure 3: DURIT performance across six benchmarks with varying training data, mapper models, and prompts: GSM (GSM8K),
MW (MAWPS), SV (SVAMP), MT (MATHS500), GK (GAOKAO), LQ (LogiQA), and average (Avg).

MATH, and a filtered DeepScaleR (Luo et al. 2025b), fol- fects. Given the relatively weak instruction-following of
lowing the first iteration on GSM8K. As Figure 3a shows, Qwen2.5-0.5B-Instruct, we warm-start it with 200 mapper
improvements are more pronounced when the second- data from Qwen2.5-3B-Instruct to improve initial align-
iteration data differs from the first. This demonstrates DU- ment. Results (Figure 3b) show that mappers within the
RIT’s ability to decouple understanding from reasoning, same family generally outperform others, and performance
effectively leveraging complementary data. Additionally, slightly improves with larger model size. Overall differences
training with more diverse datasets consistently enhances are marginal, demonstrating DURIT’s robustness to mapper
overall performance and reasoning capabilities. Dataset de- choice: even with a lightweight mapper like Qwen2.5-0.5B-
tails are provided in the Appendix. Instruct, strong performance is achieved without relying on

external larger models.
Performance Across Different Mapper Models

To evaluate the impact of different mappers on DURIT, Performance Across Different Mapper Prompts

we fix the reasoning SLM as Qwen2.5-0.5B-Instruct and To assess the impact of mapper prompt design on DU-
perform one iteration of DURIT updates with various RIT, we test three prompt formulations (Appendix) using
mappers (Qwen2.5-3B/1.5B/0.5B-Instruct and Llama3.2- Qwen2.5-3B-Instruct as the mapper and Qwen2.5-0.5B-
3B-Instruct) to assess both model scale and family ef- Instruct as the reasoning SLM, training each configuration
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Method | Qwen-0.5B | Llama-1B

| Orig Symb A% | Orig Symb A%
Base 46.0 41.6 -9.6 21.0 16.0 -23.7
CoT-Dis 47.0 40.6 -13.7 | 51.0 38.3 -24.9
STaR 51.0 41.0 -19.7 | 33.0 27.1 -17.8
GRPO 50.0 429 -14.3 | 44.0 35.8 -18.6
PRewrite 48.0 42.0 -12.0 | 39.0 219 -43.8
Vanilla-KD | 51.0 42.2 -17.2 | 42.0 334 -20.5
DURIT 48.0 42.6 -11.3 | 44.0 40.8 7.2

Table 2: Comparison of methods on Qwen2.5-0.5B-Instruct
and Llama3.2-1B-Instruct. DURIT is trained with a single
iteration. Orig: original test set; Symb: gsm-symbolic; A%:
relative drop from Orig to Symb. Bold and underline indi-
cate best and second-best results.

Variant |GSM|MW SV MT GK LQ | Avg.
DURIT 53.68 | 60.19 62.67 31.00 23.39 24.58|42.59
w/o tem |53.02(59.04 60.00 31.40 20.97 23.04|41.25
w/o sd 53.52160.58 58.33 30.80 21.77 24.88|41.65
w/o sft [51.20]57.31 61.67 28.60 19.35 22.73|40.14
w/o grpo |49.30|57.69 61.67 30.40 23.39 20.74|40.53

Table 3: Ablation study of Qwen2.5-0.5B-Instruct on six
benchmarks with a single DURIT iteration.

for one iteration. As Figure 3c shows, performance varies
slightly: more explicit, standardized prompts generally per-
form better. All variants achieve strong performance, indi-
cating DURIT’s robustness to mapper prompt variations.

Ablation Studies

We conduct ablation studies using the Qwen2.5-0.5B-
Instruct model to evaluate the contribution of each com-
ponent in DURIT. For Step I, we assess the impact of re-
moving the implicit template constraint component (w/o
tem), while keeping the subsequent procedures in Step II
and Step III of DURIT unchanged. For Step II, we exam-
ine the role of self-distillation by removing it and retaining
only the SFT loss (w/o sd) and the necessity of SFT by re-
moving sft loss(w/o sft). For Step III, we investigate the
effect of removing GRPO training (w/o grpo). As shown
in Table 3, ablating any single component leads to perfor-
mance degradation. w/o tem disrupts the standardization
of the problem space, resulting in less compact representa-
tions and lower exploration efficiency. w/o sd has minimal
impact on in-domain performance but substantially impairs
out-of-domain generalization, underscoring the role of self-
distillation in reducing the comprehension burden and en-
hancing robustness. w/o sft may impose excessive dis-
ruption on the model’s inherent reasoning mechanisms and
simultaneously expose it to biased or incorrect reasoning
patterns in the mapped questions, potentially resulting in fur-
ther performance degradation. Finally, w/o grpo consis-
tently reduces accuracy, confirming the necessity of RL to
strengthen reasoning after self-distillation.
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(a) PRewrite PCA (b) DURIT PCA

Figure 4: PCA Visualizations of Hidden Representations
from Different Methods Using Qwen2.5-0.5B-Instruct.

DURIT
68.59

PRewrite
73.68

Input
SNN Distance

Original
75.16

Table 4: Average 5-NN distance of Qwen2.5-0.5B-Instruct
final hidden states across different input questions. Lower
values indicate tighter local clusters.

Towards Understanding the Effectiveness of
Problem Space Mapping

To visualize how mapped questions are represented within
the SLM, we analyze the final hidden layer representations
of Qwen2.5-0.5B-Instruct on GSM8K-Platinum, using both
the original inputs and their mapped versions produced by
PRewrite and DURIT. We quantify the local compactness
of these representations using the average k-nearest neigh-
bor distance, as reported in Table 4. Additionally, we ap-
ply Principal Component Analysis (PCA) to project the
high-dimensional hidden states into 2D for visualization, as
shown in Figure 4. Compared to the original and PRewrite-
mapped inputs, DURIT-mapped inputs yield significantly
more compact clusters in the embedding space. This sug-
gests that DURIT mapping helps remove redundant or irrel-
evant linguistic variability, effectively reducing the dimen-
sionality of the problem space. As a result, the model may
better capture the underlying essence of the problems, po-
tentially leading to more efficient learning.

Conclusion

In this work, we propose a general problem space mapping
framework, upon which we instantiate a concrete algorithm
DURIT. DURIT consists of three key steps: (1) a problem
space mapper trained via reinforcement learning with im-
plicit template guidance, (2) self-distillation to internalize
the mapping capability into a SLM, and (3) reasoning op-
timization of SLM within the reduced problem space. By
alternating the training of the mapper and the SLM, DURIT
enables iterative improvements in both reasoning capabil-
ity and robustness. Empirical results demonstrate that DU-
RIT consistently outperforms fine-tuned baselines, achiev-
ing substantial improvements in both in-domain and out-of-
domain reasoning tasks, as well as enhanced robustness.
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