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Abstract

Curriculum learning helps language models
tackle complex reasoning by gradually increas-
ing task difficulty. However, it often fails to
generate consistent step-by-step reasoning, es-
pecially in multilingual and low-resource set-
tings where cross-lingual transfer from En-
glish to Indian languages remains limited. We
propose IRIS: Interleaved Reinforcement
with Incremental Staged Curriculum, a two-
axis framework that combines Supervised Fine-
Tuning on progressively harder problems (ver-
tical axis) with Reverse Curriculum Reinforce-
ment Learning to reduce reliance on step-by-
step guidance (horizontal axis). We design a
composite reward combining correctness, step-
wise alignment, continuity, and numeric incen-
tives, optimized via Group Relative Policy Op-
timization (GRPO). We release CL-Math, a
dataset of 29k problems with step-level anno-
tations in English, Hindi, and Marathi. Across
standard benchmarks and curated multilingual
test sets, IRIS consistently improves perfor-
mance, with strong results on math reasoning
tasks and substantial gains in low-resource and
bilingual settings, alongside modest improve-
ments in high-resource languages.

1 Introduction

Mathematical reasoning challenges Large Lan-
guage Models(LLMs) because correct final an-
swers alone do not ensure valid reasoning. While
recent proprietary models have made substantial
progress in mathematical reasoning, improving
smaller and open models, particularly in multilin-
gual and low-resource settings, remains an open
challenge. This gap highlights the limitations of
training schemes that reward only end-answer ac-
curacy, offering little supervision for the reasoning
process itself.

Two complementary strands of work have
emerged to address this limitation. At the step
level, Reverse Curriculum Reinforcement Learn-

ing (R?) (Tao et al., 2024) emerges as an out-
come supervision-based method where models
complete partial reasoning chains and are rewarded
based on final answer correctness. At the prob-
lem level, Anand et al. (2025) proposes a curricu-
lum learning strategy that organizes math prob-
lems by difficulty, allowing models to progressively
enhance reasoning capability in both English and
bilingual settings.

Problem-level curricula fail to capture where rea-
soning breaks down, while inference-time methods
like Step-Guided Reasoning (Zhang et al., 2023b)
and Stepwise Self-Consistent CoT (Zhu et al.,
2023) show that supervising intermediate steps
improves accuracy. This motivates integrating
such fine-grained feedback directly into training.
Conversely, R? typically trains on low-complexity
datasets without difficulty scheduling, often lead-
ing to unstable learning under sparse rewards. Cur-
riculum RL research (Bengio et al., 2009; Florensa
et al., 2017; Parashar et al., 2024) shows that pro-
gressive task difficulty improves reward shaping
and convergence.

To address this challenge, we propose IRIS:
Interleaved Reinforcement with Incremental
Staged Curriculum, targeting performance en-
hancements in small language models (SLMs) (see
Figure 1 for detailed architecture), which pairs a
problem-level curriculum with step-level feedback,
using RL to guide the model from supervised steps
to fully independent, multi-step solutions. This
two-axis curriculum mirrors human cognitive de-
velopment (Bengio et al., 2009), first to under-
stand reasoning structure, then scaling to harder
and longer tasks.

To support learning under this structured curricu-
lum, we introduce a composite, rule-checked re-
ward signal, that supervises both intermediate steps
and final answers within our curriculum. Building
on prior work that has provided supervision at indi-
vidual granularities, this multi-part reward structure



provides richer supervision and a more stable learn-
ing signal. For RL optimization, we adopt Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), designed for training Deepseek’s R1 rea-
soning models. It has been shown to outperform
PPO/DPO with increased efficiency with no reward
or value model involved under compositional re-
ward settings.

Finally, to evaluate generalization across lan-
guages, we release CL-Math, a novel 29k-example
multilingual dataset with step-level annotations in
English, Hindi, and Marathi, enabling bilingual
and low-resource training for underrepresented lan-
guages. It consists of 2184 easy, 2212 medium,
and 5588 hard samples in all three languages.
IRIS extends beyond English by incorporating both
monolingual (Hindi, Marathi) and bilingual (En-
glish—Hindi, English—Marathi) setups, enabling
controlled analysis of multilingual reasoning and
cross-lingual transfer. Bilingual training allows
shared representations from English to reinforce
reasoning quality in low-resource languages, while
monolingual setups isolate native-language learn-
ing dynamics.

We benchmark our method on CL-Math and its
Hindi and Marathi variants. Compared to strong
baselines, IRIS improves reasoning accuracy by up
to +15.8% on the hardest Hindi problems as well
as on the English—Hindi Medium+Hard bilingual
evaluation, clearly demonstrating that our two-axis
curriculum learning yields more robust reasoning
across languages and problem complexities. Be-
yond in-domain gains, IRIS (Qwen2.5-Math-7B)
also achieves 90.6% on SVAMP (Patel et al., 2021),
83.9% on GSMS8K (Cobbe et al., 2021), and 64.6%
on MATH (Hendrycks et al., 2021), surpassing the
base model results and other specialized 7B mod-
els.

This work makes the following key contribu-
tions:

* We introduce a IRIS: Interleaved Reinforce-
ment with Incremental Staged Curriculum
framework that jointly leverages difficulty-
based progression across problems and partial-
solution supervision within problems to im-
prove mathematical reasoning in SLMs.

* We design a composite reward structure that
integrates multiple feedback signals offering
rich supervision during RL optimization.

e We construct CL-Math, a new multilin-

gual math reasoning and curriculum learn-
ing dataset comprising 29k examples with
fine-grained reasoning annotations in English,
Hindi, and Marathi, supporting both monolin-
gual and bilingual training setups.

* We conduct extensive experiments showing
that our approach consistently outperforms
baselines on both standard and multilingual
benchmarks, demonstrating enhanced depth
of reasoning and improved cross-lingual gen-
eralization.

2 Related Work

Mathematical reasoning represents a challenging
intersection of natural language understanding and
computational mathematics for LLMs (Wang et al.,
2024; Cambria, 2024; Ying et al., 2024; Yu et al.,
2023) and open-source SLLMs (Guan et al., 2025;
Kai et al., 2024). While early gains were largely
scale-driven, recent work emphasizes structured,
step-by-step reasoning using methods like Chain-
of-Thought prompting and self-consistency (Wei
et al., 2023; Wang et al., 2023b). Curriculum learn-
ing and reinforcement learning have emerged as
two powerful paradigms to further enhance this
structured reasoning ability, by scheduling data
along a progressive difficulty gradient and enabling
models to explore reasoning trajectories through
interaction-based feedback (Zhang et al., 2024;
Tu et al., 2024). Multilingual extension of these
methods to low-resource Indian languages is also
critical, where limited data and linguistic variabil-
ity pose unique challenges (Anand et al., 2025;
Dnyanesh Walwadkar, 2024; Sharma et al., 2022).

2.1 Curriculum Learning with Structured
Solutions

Curriculum learning, first formalized by Bengio
et al. (2009), has shown consistent benefits for
complex tasks by training models on increasingly
difficult problems (Pattnaik et al., 2024; Moein
et al., 2024; Soviany et al., 2022). In the context
of mathematical reasoning, organizing questions
by difficulty and fine-tuning with structured solu-
tions improves both accuracy and stability (Anand
et al., 2025). However, extending this approach
to multilingual settings is challenging due to data
imbalance and cross-linguistic variation, which can
degrade curriculum coherence and reward quality.
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Figure 1: Integrated IRIS: Interleaved Reinforcement with Incremental Staged Curriculum pipeline: It
blends vertical supervised fine-tuning (SFT) with horizontal GRPO-based reinforcement learning. Starting with
multilingual step-by-step data, the model is first warmed up on an easy-to-hard vertical curriculum, then refined
through reverse-stage prompts and composite rewards to master deep, robust mathematical reasoning.

2.2 Reinforcement Learning for
Mathematical Reasoning

Reinforcement learning (RL) enables models to
explore and self-correct beyond supervised imita-
tion (Bai et al., 2022; Ouyang et al., 2022; Havrilla
et al., 2024). Step-level methods such as R3 (Tao
et al., 2024) and verifier-based frameworks like
RLVR (Lightman et al., 2023; Zhang et al., 2025;
Xiong et al., 2025) provide richer intermediate feed-
back. However, most prior work applies these
ideas independently, lacking structured progres-
sion across task difficulty. Our work unifies both
by combining interleaved curricula with verifier-
informed rewards optimized via GRPO (Shao et al.,
2024) for more stable credit assignment.

2.3 Multilingual Learning and Cross-Lingual

Transfer in LLMs

Extending reasoning to multilingual contexts, es-
pecially underrepresented languages, remains an
active area of research. Recent studies focus on
creating bilingual datasets (Anand et al., 2025), de-
veloping evaluation benchmarks (Marchisio et al.,
2024; Zhang et al., 2023a; Iyer et al., 2025), and
leveraging cross-lingual transfer (Shaham et al.,
2024) or translation-based augmentation (Wang
et al., 2023a). However, persistent challenges re-
main in achieving equitable multilingual prowess
for low-resource Indian languages. Our work ad-
dresses this gap by integrating bilingual curricula
and evaluating transfer across English, Hindi, and
Marathi.

3 Methodology

3.1 Dataset Curation

We introduce CL-Math, a new multilingual cor-
pus that extends the benchmark proposed by
Anand et al. (2025). They unify existing bench-
marks to form IndiMathQA having three difficulty
tiers(Easy, Medium, Hard) to support curriculum-
based fine-tuning. CL-Math extends this frame-
work to a multilingual setting and adds struc-
tured reasoning. To ensure annotation quality, the
dataset was independently validated using Fleiss’
kappa, confirming high inter-annotator agreement.
Evaluation-time agreement is reported separately
in Appendix.

3.1.1 Difference from IndiMathQA

IndiMathQA consists of question—answer pairs
without intermediate reasoning annotations. In
contrast, CL-Math augments each problem with
fine-grained, step-wise reasoning traces gener-
ated using a carefully prompted Llama-3.3-70B
model (Grattafiori et al., 2024) conditioned on
human-verified final answers, guided by few-shot
examples and carefully designed prompts tailored
to the problem complexity. These steps are struc-
tured over validated explanations rather than free-
form generations.

3.1.2 Multilingual Translation

Next, problem statements and their structured so-
lutions were automatically translated into Hindi
and Marathi using Al4Bharat’s IndicTrans2 (Indic-
En,1.1B) (Gala et al., 2023), ensuring that each
reasoning step remains intact across languages, val-



idated by human verification. Importantly, we pre-
served the train/test split prior to translation, and
each language version was generated separately
from these fixed splits. This ensured that no trans-
lated instance from the English training set could
appear in the test sets of Hindi or Marathi, elimi-
nating any potential data leakage across languages.
By combining granular solution paths with high-
quality translations, CL-Math supports interleaved
curriculum learning in both English and two major
Indian languages. This design enables models to
progress through mathematical reasoning tasks in
a linguistically diverse environment.

3.2 IRIS: Interleaved Reinforcement with
Incremental Staged Curriculum

In this section, we present the IRIS: Interleaved
Reinforcement with Incremental Staged Curricu-
lum, which structures training along two comple-
mentary axes. The Vertical Axis stages supervised
fine-tuning from easy to hard problems, while the
Horizontal Axis applies step-wise continuation via
reinforcement learning to push reasoning beyond
given solution prefixes. We first describe the ver-
tical curriculum, then the horizontal continuation
setup, and finally show how these two stages in-
terleave. We conclude by demonstrating how the
same pipeline extends to Hindi and Marathi for
multilingual mathematical reasoning.

3.3 Vertical Axis: Problem-Wise Curriculum
Learning

The vertical axis applies a difficulty-based curricu-
Ium over CL-Math (D), using supervised fine-
tuning to expose the model first to short, low-
complexity reasoning traces before progressing to
longer solutions.

Starting from the pretrained model parameters
6©), we perform sequential SFT over increasing
difficulty levels. Training on Deyy yields Ocasy,
which is then further fine-tuned on Dipedium tO
obtain Geasy+med, and finally on Dhyq to produce
Bcasy+med+hard- At €ach stage, supervision is applied
over full serialized ground-truth reasoning traces
using standard cross-entropy loss.

We denote the resulting checkpoint
at curriculum stage ¢ as 6.  where
¢ € {easy, easy+med, easy+med+hard}. These
checkpoints serve as initialization for the Horizon-
tal Axis GRPO-based reverse curriculum described
next.

3.4 Horizontal Axis : Step-Wise Continuation
Curriculum

3.4.1 Motivation for RL

Supervised fine-tuning provides a strong starting
point by teaching the model to follow reasoning
patterns observed in the training data. Reinforce-
ment learning builds on this foundation, reward-
ing correct and novel continuations, and enabling
the model to extend reasoning beyond the typical
chains seen during SFT.

3.5 Continuation Setup

We establish the following notation for the horizon-
tal curriculum:

* Question: ¢ denotes the problem statement

* Ground-truth solution: y = [s1, s2,. .., Sy]
where s; represents the i-th reasoning step,
and s,, includes the final answer

* Curriculum stage: k& € {0,1,...,n — 2} in-
dexes the curriculum difficulty, where higher
k corresponds to harder tasks

* Prefix length: At stage k, we provide
myg = n — k — 2 ground-truth steps as con-
text. Henceforth, the input prompt becomes
X = [, 51, - - Sm,,, CONTINUE>| represent-
ing the complete context given to the model,
consisting of the question, the first m;, reason-
ing steps, and the special continuation token

* Generated suffix: y, = [$;, 41, ..., Sp) de-
notes the model’s generated continuation

The <CONTINUE> token serves as an explicit
marker that signals the model to generate the re-
maining solution steps beyond the provided prefix.
This token separates the given context from what
the model must produce, enabling clear delineation
between the provided steps and model-generated
reasoning. At stage k = 0 (easiest), the model
receives the question plus n — 2 steps and must
generate only the final 2 steps. At stage k = n — 2
(hardest), only the question is provided (my = 0),
and the model must produce the complete n-step
solution.

Reverse Curriculum Staging. Each problem
(¢, y) with n reasoning steps is decomposed into
n — 1 training instances, one per stage k €
{0,...,n — 2}. Figure 2 illustrates this decom-
position: as k increases, the prefix shrinks and the



model must generate longer continuations, creating
a reverse curriculum from easy (finishing nearly-
complete solutions) to hard (generating full solu-
tions from scratch).

We deliberately define the stage range as
{0,...,n — 2} rather than {0,...,n — 3} to en-
sure that even problems with very short solution
chains yield at least one nontrivial training instance.
We exclude k = n — 1 because that would provide
all steps but the final answer, leaving nothing for
the model to generate.

Formally, the model learns the conditional distri-
bution:

- Smy)
(1)
This curriculum schedule allows the model to
first master short-range reasoning before progres-
sively learning to plan deeper from sparser context.

oYk | Xk) = To(Smp+1,---+5n | G, 51, -

| Stage k=0 (Easiest): Generate Final Step |

Step1 > Step2 Step3 —» Step 4

If a pen costs $5, a pencil $4 and a book
costs $12, what is the cost of 3 pens, 1
pencil and 2 books?

[ Question (g) C%Q)

Step s;: Cost of 3 pens =3 * $5 = $15
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Figure 2: Reverse curriculum staging. Progressive
removal of reasoning context guides the model from
partial completion to full solution generation.

3.6 RLVR-Based Composite Reward Design

In the horizontal axis, we define a composite re-
ward function that promotes answer correctness,
alignment with reference reasoning, solution con-
tinuity, and well-formed numeric outputs. For a
given problem (g, y) at stage k, each model rollout
¥y receives:

Ry (Qa yk‘) = Tfinal + Ak " Tcos + Tcont + Tint  (2)

where each component is defined as follows:

Correctness Reward. 74,y € {+2,0} assigns
+2 for an exact answer match and O otherwise. This
binary reward provides the primary learning signal,
assigning full credit only when the generated final
answer matches the ground truth exactly.

Cosine Alignment Reward. r., € [0, 1]

This term measures semantic similarity between
the generated suffix and the ground-truth continua-
tion steps from CL-Math. These continuation steps

are structured reformattings of pre-validated expla-
nations and are used solely as a stabilization sig-
nal during early training. Importantly, this reward
does not distill external model reasoning or impose
teacher-generated solutions; instead, it encourages
faithful continuation of already verified solution
trajectories, reducing variance in early GRPO up-
dates.

It is computed using SentenceTransformers en-
coders: all-MiniLM-L6-v2 for English and LaBSE
for Hindi and Marathi, ensuring consistent multi-
lingual semantic alignment.

Stage-Dependent Alignment Weight.

k)a kmax:n_2 (3)

kmax

)\k = >\max <1 -

Here, A\pax is the maximum alignment weight
(set to 2.5), and )\, decays linearly as stage k in-
creases. At stage k = 0, when reasoning traces are
only lightly truncated, cosine alignment provides a
stabilizing scaffold with full weight \yg = Apax. As
the curriculum progresses to higher stages where
fewer steps are provided, )\, decreases, reducing
the influence of alignment. At the hardest stage
k = kmax, we have \g, = 0, eliminating align-
ment entirely.

This schedule ensures that cosine alignment
serves as a transient aid in early stages, guiding
the model toward coherent continuation behavior.
As the model advances through the curriculum, the
dominant signal shifts to correctness (7fina1), €n-
couraging the model to discover valid final answers
even if its reasoning path differs from the reference.
Continuation Reward. r¢o, € {—0.5,0,+1}

This reward encourages proper step numbering:
the model should continue from where the prefix
ended rather than restarting the step count. This
promotes structural coherence in multi-step reason-
ing.

Integer Reward. 7, € {40.5,0}

This provides a small bonus whenever the final
answer token represents any integer, encouraging
the policy to output numeric results even before
learning to match exact values.

Both rcone and iy are deliberately small com-
pared to 7gpa to shape behavior without distort-
ing the primary learning signal. Together, these
four components balance immediate correctness
with structural reasoning quality, while the stage-
dependent weight \; ensures that exploration dom-
inates in later curriculum stages.



3.7 Group Relative Policy Optimization

We optimize the policy 7y using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024).
For each problem (g¢,y) at stage k, we sample G
rollouts from the current policy and compute ad-
vantages relative to the group mean. The GRPO
objective incorporates these advantages along with
a KL penalty to maintain stability. For the complete
loss formulation, refer to Appendix.
Curriculum-Weighted Sampling. To align
stage sampling with the model’s evolving capabili-
ties, we assign each stage k a time-varying weight:

t
wi(t) = af, ar = ap+ (a1 —agp) -min (T’ 1>

Here, t is the current training step, 7 is the warm-
up period (10% of total updates), ag = 0.7, and
a1 = 1.0. Att = 0, this exponentially favors easier
stages (small k); by ¢ = T, sampling becomes
uniform across all stages.

The overall IRIS loss integrates these curriculum
weights:

n—2
(t) (k)
Liris(0,t) = > B0 @
e k=0 Ej:g w;(t) ORPO

This weighted combination trains on a time-
varying mixture of stage difficulties, integrating
our stage-dependent reward design with GRPO op-
timization.

3.8 Extending IRIS to the Multilingual Setting

Language models that reason should do so regard-
less of the script in which the question is asked.
To verify that our two-axis curriculum scales be-
yond English, we replicate the entire pipeline for
Hindi~HI and Marathi~MR and then explore
bilingual transfer.

Monolingual setting. For each lan-
guage ¢ € {HI, MR} we create difficulty partitions
Déﬁzy, Dr(fe)dium, Dl(lgd by direct translation from
their English counterparts.

We then apply IRIS in the same manner,
the result is a trio of language-specific models
{Héﬁiy e Q)

» Yeasy+med’ “easy+med+hard
fined by horizontal GRPO.

Bilingual Cross-Transfer. We test whether mix-
ing languages accelerates learning by creating bal-

anced bilingual datasets: DENtHI DEN*MR eqch

}, each further re-

stratified into easy, medium, and hard partitions.
We apply the IRIS framework to both bilingual
splits and evaluate cross-lingual transfer capabili-
ties.

3.9 Core Design Principles

The following points summarize the key design
principles underlying the proposed training frame-
work, which are empirically validated in Section 5:

e IRIS is centered around curriculum-driven
reinforcement learning, where both task dif-
ficulty and reasoning horizon are progres-
sively controlled over time, enabling stable
acquisition of long-chain reasoning without
direct training on full-length hard traces.

* A problem-wise curriculum is used to explic-
itly control when the model is exposed to
difficult data, rather than relying on mixed or
hard-only training distributions.

* The composite reward is designed to shape
intermediate reasoning behavior, reflecting
the view that final-answer-only rewards are
insufficient for optimizing complex multi-step
solutions.

* These training principles are applied consis-
tently across languages, enabling evaluation
of their robustness beyond English-centric set-
tings.

4 Experimental Setup

4.1 Models and Implementation Details

Our experiments primarily use Qwen2.5-Math-
7B (Yang et al., 2024), evaluated under two settings:
(1) curriculum-guided SFT and (2) stepwise cur-
riculum reinforcement learning (SCRL). To assess
generalizability, we also fine-tune WizardMath-
7B (Luo et al., 2023) using the same framework.
In the first phase, we train for three epochs with a
learning rate of 3 x 10~* using the AdamW opti-
mizer, a 10% warm-up ratio, and gradient accu-
mulation over 16 steps to ensure stable conver-
gence. Training for the medium- and hard-level
curricula resumes from the previous checkpoint to
maintain curriculum continuity. In the Full IRIS
(V+H) phase, we apply Group Relative Policy Op-
timization (GRPO) with a reduced learning rate
of 5 x 1079 and reward-weighted updates. Each
prompt generates four completions per rollout for
one epoch of reinforcement optimization. Cosine
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Figure 3: Training reward dynamics across cur-
riculum configurations. Without SFT warmup, re-
wards plateau early (~2.5). Monolingual Marathi on
Easy+Medium stabilizes at ~2.1, while adding English
improves performance to ~2.7 but saturates at medium
difficulty. The full IRIS setup (Easy+Medium+Hard)
achieves sustained gains up to ~3.2, showing that SFT
warmup, bilingual mixing, and full curriculum each in-
crementally raise the performance ceiling.

scheduling, 8-bit optimization, and vLLM-backed
inference are used for efficient rollout and memory
management; hardware details are provided in the
Appendix.

5 Ablation Study

5.1 Mix-Ratio Sweep

We trained three English—Marathi variants by vary-
ing the English fraction (Table 3). A 20% English
proportion consistently yields the best performance
across all difficulty levels, suggesting that a small
English component acts as a regularizer, broaden-
ing the learning signal while maintaining Marathi
as the dominant language. We therefore fix the En-
glish—Marathi ratio to 80-20 in subsequent experi-
ments. Using this fixed mixture, we also compare
IRIS against vanilla GRPO baseline to isolate its
effects from data mixing.

5.2 Curriculum and Reward Ablations

Table 4 evaluates the impact of curriculum structure
and reward design on Qwen2.5-Math-7B. Skipping
SFT warm-up (H Only) or eliminating curricu-
lum progression (V+H No Curriculum) reduces
accuracy, highlighting the importance of vertical
initialization and staged difficulty exposure.
Simplifying the reward to correctness-only sim-
ilarly degrades performance, with further drops

when cosine alignment is removed (Easy accu-
racy: 87.0% — 84.3%). Direct training on hard-
level data without curriculum staging achieves only
80.9%, confirming that progressive scaffolding is
essential. The full (V+H) configuration, combining
staged curriculum with composite reward, performs
best across all difficulty levels.

5.3 PPO-Only Reverse Curriculum

We evaluate a PPO-only reverse curriculum base-
line inspired by R? (Tao et al., 2024), which omits
stage-wise weighting, cosine alignment, and aux-
iliary rewards. This setup represents a raw com-
bination of PPO and reverse curriculum without
our proposed composite reward shaping. Despite
comparable training duration, this baseline reaches
82.1% on Easy and 82.7% on Easy+Medium, but
drops to 76.5% on Easy+Medium+Hard, indicat-
ing that curriculum scheduling alone is insufficient
and that the structured RLVR composite reward is
required for stable performance at higher difficulty.

6 Opverview of Results

We report results on the Medium test split, which
offers a balanced setting for evaluating mathemati-
cal reasoning without saturation on easy problems
or instability on the hardest ones. For Hindi and
Marathi, English test items are translated to ensure
strict cross-lingual equivalence.

Results on CL-Math. Table 1 reports accuracy
across curriculum settings. Along the vertical axis,
expanding training from Easy — Easy+Medium
— Basy+Medium+Hard consistently improves per-
formance: Qwen2.5-Math-7B increases from 85.2
— 86.3 on English, 52.7 — 57.7 on Hindi, and
38.3 — 55.7 on Marathi, with WizardMath-7B
showing the same trend.

Adding the horizontal reinforcement stage
(V+H) further boosts accuracy, with modest gains
on English (+1-3%) and larger improvements on
Hindi (+12-16) and Marathi (+3-4); the slight dip
at Easy+Medium+Hard likely reflects the single-
epoch training limit. In bilingual settings, En-
glish-Hindi and English—-Marathi mixing amplifies
performance, with Qwen’s Hindi score rising from
57.7 — 73.5 (+15.8%) and WizardMath’s Marathi
score improving from 18.6 — 20.6. Figure 3 il-
lustrates the contribution of each IRIS component
through training reward dynamics.

Results on External Benchmarks. Table 2 ex-
tends evaluation to SVAMP, GSMS8K, and MATH.



Table 1: Zero-shot Pass@1 Accuracy (%) for vertical-only (V) and vertical+horizontal (V+H) curricula. Models are
evaluated on plain-language and bilingual benchmarks using 80-20 train-test split of CL-Math. Bilingual results

show cross-lingual transfer to Hindi (HI) and Marathi (MR).

EN HI MR EN+HI EN+MR

Model Level
\'% V+H V V+H V V+H V V+H V V+H
Easy 852 87.0 52.7 65.5 383 41.0 564 69.0 51.6 575
Qwen2.5-Math 7B Easy+Med 85.8 884 542 70.1 540 575 596 703 590 59.3
Easy+Med+Hard 86.3 85.3 57.7 73.5 55.7 59.0 61.2 77.0 61.0 64.2
Easy 49.7 524 212 26.6 10.5 13.1 30.0 36.2 20.0 21.2
WizardMath-7B Easy+Med 52.0 534 250 353 14.0 27.2 328 37.2 27.0 30.0
Easy+Med+Hard 54.0 55.0 32.8 32.8 18.6 20.6 32.0 32.5 23.0 24.0

Table 2: Zero-shot Pass@1 Accuracy (%) on SVAMP, GSM8K, and MATH benchmarks.

Benchmark Qwen2.5 IRIS WizMath IRIS GPT-4 Qwen2.5 Base WizMath Base MetaMath DeepSeek-Math

SVAMP 90.6 70.4 93.1
GSMBK 83.9 70.6 92
MATH 64.6 29.5 80

82.1 57.3 68.8 732
79.3 54.9 66.5 51.7
55.4 10.7 19.8 36.2

Table 3: Performance of English—-Marathi mix ratios
on Qwen2.5-Math. The 80/20 mix achieves the best
balance.

English Mix % Easy Easy+Med Easy+Med+Hard
0% 41.0 57.5 59.0
20%(IRIS) 57.5 59.3 64.2
20%(vanilla GRPO)  49.0 55.7 56.7
50% 50.6 50.6 59.0

Table 4: Impact of curriculum progression and reward
composition on Qwen2.5-Math.

Setting Easy Easy+Med Easy+Med+Hard
H Only 81.8 79.5 79.5
V (No Curriculum) - - 85.1
V+H (No Curriculum) - - 86.5
V+H (Correctness) 85.0 86.0 81.2
V+H (Full) 87.0 88.4 85.3

On standard English benchmarks, Our curriculum-
trained Qwen2.5-Math-7B (IRIS) achieves 90.6%
on SVAMP, 83.9% on GSMSK, and 64.6% on
MATH, representing +8.5, +4.6, and +9.2 %
gains respectively over the base model. While
GPT-4 remains strongest, IRIS substantially out-
performs other specialized 7B models (Meta-
Math, DeepSeek-Math) across all three bench-
marks. WizardMath-7B (IRIS) mirrors this tra-
jectory, consistently outperforming its base vari-
ant. These results confirm that the proposed verti-
cal+horizontal curriculum generalizes beyond CL-
Math, strengthening reasoning across languages,
difficulty tiers, and benchmarks.

7 Conclusion

We introduced IRIS (Interleaved Reinforcement
with Incremental Staged Curriculum), a two-axis
training framework that combines staged super-
vised fine-tuning over increasing difficulty with
reverse curriculum reinforcement learning. By sep-
arating skill acquisition and reasoning refinement
along vertical and horizontal axes, IRIS enables
stable learning of long-horizon reasoning. Across
English, Hindi, and Marathi, the framework consis-
tently outperforms single-axis baselines, with par-
ticularly strong gains in low-resource and bilingual
settings. IRIS further generalizes to standard math-
ematical reasoning benchmarks, demonstrating that
structured curriculum design offers a simple yet ef-
fective approach for multilingual reasoning.

8 Limitations

Our work has several limitations. First, computa-
tional constraints limit training to a single epoch
per curriculum stage, which may hinder full conver-
gence on harder tiers and contribute to the modest
gap between Easy+Med and Easy+Med+Hard per-
formance. Second, CL-Math includes only three
languages and 29k samples, restricting large-scale
multilingual evaluation. Third, the curriculum fol-
lows a fixed Easy—Medium—Hard progression,
which may not be optimal for models with different
initial capabilities or learning dynamics. Finally,
experiments are limited to 7B-parameter models,
and scalability to larger models remains an open
question.
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9 Appendix

This Technical Appendix is a supplement to
“IRIS: Interleaved Reinforcement with Incremental
Staged Curriculum for Cross-Lingual Mathemati-
cal Reasoning”. The following sections include a
detailed glossary of our Methodology, Algorithm,
Prompts used at different stages of training, Evalu-
ation Explanations, Computational Resources and
Software Environment, Train Logs Analysis con-
tinued from the main paper, Qualitative Evidence
of Curriculum Progression and Translation quality
from English to Indian languages.

10 Methodology Glossary

CL-Math Our newly-curated multilingual maths
corpus. It extends IndiMathQA by adding
(1) step-by-step solutions and (ii) Hindi &
Marathi translations, so models can practise
both reasoning depth and cross-lingual trans-
fer.

Curriculum Learning (CL) A training strategy
that presents easier examples first and pro-
gressively introduces harder ones, creating a
smooth learning trajectory. In our vertical axis
this corresponds to Easy — Medium — Hard.

Step-by-Step (Chain-of-Thought) Solutions
Full, numbered reasoning traces for each
problem; they expose the intermediate logical
steps rather than only the final answer.

LoRA Adapter A lightweight low-rank adapta-
tion layer injected into a pretrained model,
enabling efficient fine-tuning by updating a
small fraction of parameters.

Llama 3.3 (70B) The 70-billion-parameter base
model used for both dataset augmentation and
as the external evaluator in the automatic grad-
ing stage.

Supervised Fine-Tuning (SFT) A standard
teacher-forcing approach in which the model
is trained to predict the next token in reference
solution traces using cross-entropy loss. We
apply SFT incrementally, starting with Easy
problems, then Easy+Medium, and finally
Easy+Medium+Hard settings, allowing the
model to gradually learn reasoning patterns
of increasing complexity.
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Step-Wise Continuation (Horizontal Axis) A
reverse/continuation curriculum where the
model receives only a shrinking prefix of the
solution and must generate the remainder,
forcing deeper planning from reduced
context.

GRPO (Group Relative Policy Optimisation)
The reinforcement-learning algorithm used
on the horizontal axis. It evaluates sam-
ples relative to each other from the same
prompt, yielding more stable gradients than
independent scoring.

Cosine-Alignment Reward A component of the
RL reward measuring cosine similarity be-
tween generated continuations and reference
suffixes; it provides partial credit for semanti-
cally aligned but lexically varied reasoning.

IndicTrans 2 The Al4Bharat translation model
used to convert English problems and struc-
tured solutions into Hindi and Marathi while
preserving step-level coherence.

Bilingual Cross-Transfer Training on a balanced
mixture (50% English, 50% Indian language)
so that knowledge learned in one script can
transfer and reinforce performance in the
other.

RLVR A framework that decomposes the reward
signal into transparent, verifiable components,
such as answer correctness, reasoning align-
ment, and format consistency enabling stable
and interpretable policy improvement.

10.1 Prompts
10.1.1 CL-Math dataset augmentation

We use the Chain-Of-Thought prompting technique
to generate reasoning steps for the entire dataset
with variations depending on the difficulty. The
input contains a question and its solution, which is
converted into a specific number of logical steps
with consistent transitions between them. Fig-
ure 4 shows the average solution length distribution
across difficulty levels. The number of reasoning
steps increases progressively from Easy to Hard
problems, confirming that the prompt design effec-
tively controls the reasoning depth during dataset
augmentation.

1. Easy



Average Length by Diffi

3 Mean
Z2 Median

Number of Steps

Medium Hard

Difficulty Level

Figure 4: Average Solution Length by Difficulty:
Comparison of mean and median number of reason-
ing steps generated per difficulty level in the CL-Math
dataset.

You have the following question
and its corresponding answer.
Your task is to convert the answer
only into 3 - 5 logical steps.
# Question: {question}
# Answer: {answer}
Give the response in the following
format:
# Step wise format: [your response]

2. Medium

You have the following question
and its corresponding answer.
Your task is to convert the answer
only into 5 - 7 logical steps.
# Question: {question}
# Answer: {answer}
Give the response in the following
format:
# Step wise format: [your response]

3. Hard

You have the following question
and its corresponding answer.
Your task is to convert the answer
only into 7-9 logical steps.
# Question: {question}
# Answer: {answer}
Give the response in the following
format:
# Step wise format: [your response]

10.1.2 Horizontal Axis : Step-Wise
Continuation Curriculum

To support the horizontal curriculum’s objective of
progressively training the model to complete longer
segments of step-wise reasoning, a fixed system
prompt is used throughout training and inference.
This prompt clearly marks the point at which the
model must begin generating its own reasoning,
following a set of initial steps provided as context.
System Prompt
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You are a maths question solving model,
currently you are learning to be better.
Following the instruction carefully:

If the user message contains the token
<CONTINUE>, that token marks the point
where your reasoning must start. Con-
tinue from there, then answer.

11 Evaluation Explanations

We used Llama 3.3-70B as an automatic judge,
comparing model outputs to gold solutions and
returning true/false verdicts, which we aggregated
for accuracy and error analysis.

11.1 Evaluation Prompt

Compare these two mathematical solu-
tions and determine if they have the same
final numerical answer.

First, identify the final numerical answer
from each solution, then state if they are
the same.

First solution: predicted answer Sec-
ond solution: true answer

Please respond in this format:

First answer: [state the final numerical
answer from first solution] Second an-
swer: [state the final numerical answer
from second solution] Are they equal:
[true/false]

Reason: [briefly explain why they are
equal or different]

11.2 Human Agreement Analysis

Dataset validation and evaluation reliability are as-
sessed separately. For dataset construction, we
compute Fleiss Kappa = 0.71 across four annota-
tors, indicating substantial agreement (Section 3.1).
For evaluation, we validate the Llama-70B judge
against human annotations on 300 randomly sam-
pled model outputs, obtaining Cohen’s Kappa =
0.795, confirming strong alignment between auto-
matic and human judgments.

11.3 Formatting and Parsing Consistency

CL-Math uses a uniform step format across En-
glish, Hindi, and Marathi: reasoning steps are in-
dexed using standard Arabic numerals (0-9) and
separated by newline characters. As a result,
integer-continuation and step-continuation rewards
use identical parsing logic across languages.
Language-specific prompt suffixes are handled
via lightweight regex extraction prior to reward



computation, ensuring consistent scoring without
reliance on script-specific numeral systems.

11.4 Dataset Validation

CL-Math was validated by four annotators: two
undergraduate and two master’s students, all with
technical backgrounds. Given that the dataset tar-
gets high-school-level mathematics, annotators
were sufficiently qualified to verify step-level cor-
rectness and solution consistency. Inter-annotator
agreement is measured using Fleiss’ Kappa = 0.71,
indicating substantial agreement.

12 Computational Resources and

Software Environment

All experiments were run on a high-performance
setup with hardware and software tailored for large
language model training and RL. Tables 5 and 6
summarize the components used.

Table 5: Hardware Specifications.

Component Specification

GPU NVIDIA H200 (144 GB), A100 (40 GB)
CPU AMD EPYC 7742, 64 cores

RAM 512 GB

Operating System  Ubuntu 22.04 LTS

Table 6: Software Environment.

Library Version

Python 3.10

PyTorch 2.7.0

Transformers (HuggingFace) 4.53.0

TRL 0.19.0

PEFT 0.12.0

Unsloth Git (latest)

VLLM Compatible release
Datasets 3.6.0
SentenceTransformers 2.6.1

12.1 Cross-Lingual Transfer Effects

Introducing a small amount of English into the
Marathi pipeline makes the learning trajectory both
stronger and more durable. The mixed model
doesn’t stall early like the monolingual run; in-
stead it sustains useful gradient signal longer, yield-
ing smoother reward growth. Intermediate signals,
especially correctness, improve while noise does
not increase, suggesting the additional language
enriches the model’s representation space without
destabilizing training. In practice, English acts as
a complementary regularizer, nudging the policy
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away from language-specific quirks and into more
robust reasoning behavior.

12.2 Curriculum-Driven Reward
Enhancement

Advancing from medium to hard problems with
the staged curriculum yields clear qualitative gains.
The model not only achieves higher average returns
but also suppresses low-performing trajectories and
continues improving late in training, unlike the
medium-only variant which plateaus. Final answer
correctness strengthens in tandem, indicating that
the curriculum’s gradual escalation both deepens
and stabilizes the model’s reasoning capabilities.

By design, the cosine reward stays flat: its lin-
early decaying stage weight exactly offsets any
similarity gains.

For completeness, we also include additional
reward progression comparisons for English cur-
riculum variations (see Figure 5), Hindi—English
cross-lingual (see Figure 6) training settings, and
Hard Tier Models in English and Marathi (see Fig-
ure 7), analogous to the Marathi—English Curricu-
lum analyses presented in the main paper.

13 Qualitative Evidence of Curriculum
Progression

To demonstrate the value of successive curriculum
stages, we show representative final answers for
the same mathematical problems under different
checkpoints. Rows where only the earlier tier fails
but the next tier succeeds (e.g., Easy — Medium)
are intended to highlight that the intermediate cur-
riculum slice contributes nontrivial new capability
rather than being redundant(see Figures 8 through
14).

14 Translation Quality

We additionally include a translation quality sec-
tion, presenting side-by-side comparisons of the
original English prompts with their Marathi and
Hindi translations to illustrate clarity across lan-
guages (see Figures 15, 16 and 17).

15 GRPO Loss Formulation

For each problem (q,y) at stage k, we sample G
rollouts:

(1)

I, Y ~ - | xi) 5)

where x, = [q, S1, . - ., Sm,,» CONTINUE>].



Each rollout’s advantage is computed relative to
the group:

AY = Ri(q,3 K@ 39 (©)

||Mc1

The GRPO loss for stage k is:

G
k 1 i NG
E(Glgpo(e) = —E(gy)~D a ZA](C) log 779(3’19 | Xk)

+KL penalty

where the KL penalty term prevents excessive
deviation from the reference policy mr. We use
£ = 0.01 as the KL coefficient.

This follows standard GRPO (Shao et al., 2024).
Our contribution is the curriculum-weighted com-
bination across stages.
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Figure 5: We compare reward trends across three configurations: full curriculum with SFT (left), curriculum
without SFT initialization (center), and training only on hard examples without any curriculum (right). The full
curriculum consistently achieves higher overall and correctness rewards, highlighting the importance of both gradual
progression and supervised initialization in stabilizing and improving training.
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Figure 6: This figure illustrates reward progression when training on Hindi-only data (left), English+Hindi (center),
and English+Hindi with curriculum (right). The cross-lingual setups significantly outperform the monolingual Hindi
baseline, especially when combined with curriculum, demonstrating strong transfer from English supervision and
the value of structured progression in multilingual alignment.
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Figure 7: Reward curves for Marathi-only (left), English-only (center), and combined English+Marathi curriculum
training (right) show that multilingual curriculum learning leads to superior reward optimization. The joint setting
achieves the highest correctness and overall rewards compared to monolingual Marathi, underscoring the benefit of
leveraging English data to support low-resource language training.
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Vertical Curriculum — Arithmetic Product Task: Question

Base Model Response (Incorrect )

B@OEHOME @G @Em | DEu =8

4 6 8 10 12 14  (4)(6)(8)(10)(12)(14) _ (10)(12)(14) _ (2)(5)(12)(2)(7)
3 8

2. | understand the solution, but I'm confused about the simplification process. Could
you explain this step in more detail? ...

3. Cancel the 3 in the numerator with the 3 in the denominator:

2.2.2-7
=

2:2:2=8

So, the correct final answer should be:48

SFT Easy: Model Response (Incorrect )

1. Identify the pattern: Observe that the numerators and denominators of the
fractions follow a pattern, where the numerator of each fraction is 2 more
than the denominator of the previous fraction.

2. Cancel out common terms: Identify and cancel out the common terms in the
numerator and denominator across the fractions, starting from the second
fraction.

3. Simplify the expression: After canceling out the common terms, simplify
the remaining expression to find the product.

4. Calculate the final product: Multiply the remaining numerators and
denominators to get the final product, which is 13—4.

5. Verify the solution: Confirm that the solution is correct by checking the
cancellation process and the final multiplication step.

Figure 8: Question and Base Model Response Analysis
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SFT Medium: Model Response (Incorrect )

1. Identify the pattern of cancellation: Notice that the numerator of each
fraction cancels out with the denominator of the next fraction, except for
the first numerator and the last denominator.

2. Cancel out the common factors: Cancel out the common factors between
the numerators and denominators of consecutive fractions, which results
in the sequence:

345 6 7 8 345 6 7 8

3. Simplify the expression: After canceling out the common factors, the
expression simplifies to

345 6 7 8 345 6 7 8 345 6 7 8

4. Calculate the final product: After canceling out all the common factors, the

14
final product is 3

14
5. 5. Write the final answer: The product of the given fractions is 3

17



SFT Hard: Model Response (Correct /)

1. Identify the given product:

345 6 7 8

2. Recognize that the product can be simplified by canceling out common
factors in the numerators and denominators.

3. Cancel out the common factors:

345 6 7 £ 35 1 7 1

3 5 1 7 1 3-5-1-7-1
6. Simplify the numerator and denominator:

1-1-10-12-14 10-12-14
3-5-1-7-1  3-5-7

7. Calculate the final product:

10-12-14 1680

= 1
3:5-7 105 0

8. Verify that the calculation is correct and the final answer is indeed 16.

9. Confirm that the product has been fully simplified and the result is accurate.

Figure 9: Comparison of Arithmetic Product Tasks on Vertical Curriculum: We compared responses by Base
Model and SFT responses of all difficulty tiers
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Vertical Curriculum — Quadratic Factorisation Task: Question

The expression z2 + 18x — 63 can be written in the form (z — a)(x + b), where
a and b are both nonnegative real numbers. What is the value of b?

SFT Easy: Model Response (Incorrect )

1. Identify the coefficients: From the given expression z2 + 18z — 63, identify
the coefficients a = 18 and ¢ = —63.

2. Find the factors of ¢: List the factors of ¢ = —63 and identify the pair of
factors that add up to a = 18. The factors of —63 are (1, —63), (3,—21),
(7,-9), (—1,63), (—3,21), and (—7,9). The pair that adds up to 18 is
(21, -3).

3. Determine a and b: From the pair (21, —3), identify a = 21 and b = —3.
4. Calculate b: Since b is the negative factor, the value of b is —3.

5. Verify the solution: Substitute a = 21 and b = —3 back into the expression
(z —a)(z +b) to verify that it matches the given expression x? + 18z — 63.

19



SFT Medium: Model Response (Correct /)

1. Identify the coefficients: From the given expression z? + 18z — 63, identify
the coefficients a = 18 and ¢ = —63.

2. Find the factors of ¢ that add up to a: List the factors of —63 and find
the pair that adds up to 18. The factors of —63 are (1,—63), (—1,63),
(3,—-21), (—3,21), (7,—9), and (—7,9). The pair that adds up to 18 is
(—3,21).

3. Determine @ and b: From the pair (—3,21), identify a« = 21 and b = 3.

4. Verify the expression: Substitute a and b back into the form (z — a)(z + b)
to verify that it matches the given expression 22 4 182z — 63. The expression
becomes (z — 21)(z + 3), which expands to 22 + 3z — 21z — 63 = 2% —

18z — 63. However, since we are looking for the form (x — a)(xz + b), we
should have 2% + 18z — 63, which means a = 3 and b = 21.

5. Identify the value of b: From the correct pair (3,21), identify b = 21.

Figure 10: Comparison of Quadratic Factorisation Task on Vertical Curriculum: We compared responses by
Base Model and SFT responses of easy and medium tiers
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Horizontal Curriculum — Arithmetic Product: Question

Compute the product

345 6 7 8

Easy: Model Response (Incorrect )

1. Identify the pattern and simplify the fractions: Notice that the numerator
of each fraction is 2 more than the denominator of the previous fraction.
Simplify the fractions by canceling out common factors:

2. Cancel out common factors: Cancel out the common factors in the
numerator and denominator of each fraction:

345 6 7 8 3253 7 4

3. Continue canceling out common factors:

4. First pair:
4 3 4 3_4_2
32 3.2 2
5. Next pair:
8 5 85 8
53 53 3
6. Next pair:
12 7_12~7_12_3
7T 4 T4 4
_ J
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Medium: Model Response (Correct /)

1. Identify the pattern: Observe that the numerators and denominators of the
fractions follow a pattern, where the numerator of each fraction is 2 more
than the denominator of the previous fraction.

2. Simplify the fractions: Cancel out the common factors in the numerators
and denominators of the fractions. This results in the simplified fractions:

4 6 8 10 12 14

3. Multiply the simplified fractions: Multiply the numerators and denominators
of the simplified fractions to get the final product:
4-6-8-10-12-14
3-4-5-6-7-8

4. Cancel out common factors: Cancel out the common factors in the
numerator and denominator to simplify the product:

10-12-14
3:5-7

5. Calculate the final product: Calculate the product of the remaining
numerators and denominators to get the final answer:

1680
—— = 16.
105

Figure 11: Comparison of Arithmetic Product Task on Horizontal Curriculum: We compared responses after
applying GRPO on respective SFT checkpoints.
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Horizontal Curriculum — Quadratic Factorisation Task: Question

The expression 3x2 4 14x + 8 can be written in the form (3z 4 A)(x + B) where
A and B are integers. What is the value of A — B?

Easy: Model Response (Incorrect )

1. Identify the coefficients: Identify the coefficients of the quadratic equation
322 + 142+ 8, whicharea =3, b= 14, and ¢ = 8.

2. Find the product of A and B: Since A and B are integers and AB = ¢ =38,
list the possible pairs of integers (A, B) that satisfy this condition: (1,8),
(2,4), (—=1,-8), (=2,—4), (8,1), (4,2), (—8,—1), (—4,-2).

3. Find the sum of A and B: Calculate the sum A+ B for each pair and compare
it with the coefficient b = 14 to find the correct pair. The pair that satisfies
A+ B=141is (2,4) or (4,2).

4. Determine A and B: Choose the correct pair (A, B) based on the sum
condition, which is (2,4) or (4,2). Since the order of A and B does not
matter for the product and sum, we can use either pair.

5. Calculate A — B: Calculate the difference A— B using the chosen pair (2,4)
or (4,2). For(2,4), A—B=2—-4=-2 For(4,2), A—-B=4-2=2.
Since the question asks for the value of A — B, we can provide either
result, but typically, we would choose the positive difference, which is 2.
However, if we strictly follow the question's format, we should provide both
possible results: —2 or 2. For the sake of this solution, we will provide the
positive difference: 2.
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Medium: Model Response (Incorrect )

1. Identify the coefficients: The given expression is 322 + 14z + 8. Here,
a=3, b=14, and ¢ = &.

2. Find the product of a and ¢: Calculate a
timesc = 3
times8 = 24.

3. Find two numbers that multiply to ac and add to b: Identify two numbers
that multiply to 24 and add to 14. These numbers are 12 and 2, since 12
times2 = 24 and 12 + 2 = 14.

4. Determine A and B: From the identified numbers, A = 12 and B =
2.A — B: Compute A— B=12—-2=10.
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Hard: Model Response (Correct /)

1. To factor the expression 3x2 + 14z + 8 into the form (3x + A)(z + B), we
need to find integers A and B such that the expression can be written as
a product of two binomials.

2. The product of the constants A and B must equal the constant term in the
original expression, which is 8.

3. The sum of A and 3B must equal the coefficient of = in the original
expression, which is 14.

4. We are looking for two integers whose product is 8 and whose sum, when
one is multiplied by 3, equals 14.

5. By testing possible pairs of integers that multiply to 8, we find that A = 2
and B = 4 satisfy both conditions: 2
cdotd =8 and 2 + 3
cdotd = 14.

6. With A = 2 and B = 4, we can write the factored form of the expression
as (3x +2)(z +4).

7. To find A — B, we simply subtract B from A: A—B=2—-4= -2,
8. Therefore, the value of A — B is —2.

9. This confirms that our values for A and B are correct and that A— B equals
—2.

10. Thus, we have successfully factored the expression and found the difference
between A and B.

11. The final answer is indeed —2.

12. We have now completed the process of finding A — B for the given
expression.

13. The solution is complete, and we have found the required value.

Figure 12: Comparison of Quadratic Factorisation Task on Horizontal Curriculum: We compared responses
after applying GRPO on respective SFT checkpoints.
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Horizontal Curriculum — Arithmetic Average Task on Hindi: Question

O T3l T Jid 10.6 &1, 378 I IR TN 10, 4,5 3R 20 &1, giod] G
B A T 272

Easy: Model Response(Incorrect )

1. INUEE UROU: S TS GEIT3N BT ART™: 10 + 4 + 5+ 20 = 391,

2. & TS TR P AT BT ITINT PR IR TN P TR Y UFE]T Py TR
TN BT AN = 4 * 10.6 = 42.41 .

3. IR GRI3N & I Grad TR T HefRor s gradl Teer = 42.4-39 =
3.41.

4. Yradt GveaT o7 99 fRefRa @x: gradi I 3.4 81 .

5. 37T TR <: Yrad} TReT BT 7 3.4 Bl
\_ J

Medium: Model Response(Incorrect )

1. INUEE URoU: IR A3 &b INT bl AT hifoild: 10 + 4 + 5+ 20 = 39|

2. AR 13N & I BT IR H IO _eb IR GEITT BT JRT S Hifod: 10.6
* 4= 42.4]

3. TR G131 b ART B AR T3] & 1T H TEThR rad] Tt ol G HafiRa
PN: 42.4-39 = 3.41.

4. Uerd] G & folu 3ifaH IR UTH v & iU 3ifay 3iep sird Hifo: gier]
T 3.4 Bl

5. GITUT & b TUFT IR H TR TeTel & 3iGd & s¥eN 8, o 27 U
T &b NN B

6. TS 3T BT dl 3ifAT ITR P I SIHIT LA db Bl <
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Hard: Model Response(Correct /)

1. TRUEg UTY: IR S T$ T3 BT AT ST DIOIT: 10 + 4 + 5 + 20 = 391.
2. IR HEATRT & A &l TUET Hiforg: 39/4 = 9.751.

3. IR A3 B AT Pl ITeh! HEIT H U PR IR FEA3 BT Pl AN
fefRa &¥: 9.75 - 4 = 391,

4, YT TRT P AT DY TUHT HIfST: 10.61.
5. Ui SRRl & ST Pl Il TEAT H T IR Ui HEAT3N P Pt AN
fFafRa ax: 10.6 - 5 = 531.

6. U1 TEATAT P Pl AN H TR FEIT31 &b Pl ART Bl TSR Ylad] FT Bl
A ST DI 53 — 39 = 141,

7. UTerd] TRET T 919 1421,

8. FAMYT B 1 37T ITR TRAT & T H FHsT § 31T 8, Ig AT axd
gV o e el o offd arta H 10.621.

9. gt o 1% UM HEt & IR dedl TReaT &1 A9 aead A 1421,

Figure 13: Comparison of Hindi Responses for Arithmetic Average Task on Horizontal Curriculum: We
compared responses after applying GRPO on respective SFT checkpoints.
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Horizontal Curriculum — Algebra Task on Marathi: Question

V/12+/20+5/15/60 A Hedie ol

Easy: Model Response(Incorrect())

1. URRIGER ¥aY: OCHhiedl gedhidl 3Nedg Uedl : 12 =2-2-3, 20 = 2-2-5,
15=3-5

2. gchidl gchidt Mg geal: 12 =2-2-3, 20=2-2-5 15=3-5

Medium: Model Response(Incorrect())

1. URRI e Fa0U: [eted sfHeshia eh axT: v/12+/20+/15¢/60..

2. Y9 UIEH e qIuR B ffHedehl GoTd -z [3]12[3]20[3]15[3]60 =
[3]12-20 - 15 - 60.

3. JfMeIhIr JATclel IuTe AN 12 - 20 - 15 - 60 = 216000
4. T JHIRAEY GROIM FHIAE &RT: [3]216000.

5. T TCmHed TR @_T: 216000 = 23 - 33 - 53 - 103

6. T TCHHLY TChIT TSI TUMT T [3]23 - 3% - 53 - 103 = 2.3-5-10.
7. 3ifaq IR WosfauamaTdt SaeATR=T TUET @”l: 2 -3 -5 - 10 = 300..
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Hard: Model Response(Correct(v))

1. TROIFER F6U: G el H eI UTHR GChiFed h Il : fSetell Jifoeghl
V12/20/15/60 3112, . & JATIITEAT /12 - 20 - 15 - 603 AT 0! GeATae,

)

. TS UMHRIE TOFT IR : 1220 - 15 - 60 TOMT &R, . T 12-20-15-60 =
216000 =d. .

w

. TFHATT TUMT &RT 0T detel! STeHT BFF BT, S /216000 3TTe.
4, S B EHgER AU &)1 ;. /216000 = /216 - 1000 =

V/216+/1000.
5. YT TUMT &RT : /216 M0 /1000 © TUFT _1. . /216 = 6 300
/1000 = 10. .
6. TR PRI : 3T IR FMATATITST QI Tl OBR T, S 6-10 = 60
3me
7. 3ifAH TR RN : eledn ifeh 79 60 3TR.
\ J

Figure 14: Comparison of Marathi Responses for Algebra Task on Horizontal Curriculum: We compared
responses after applying GRPO on respective SFT checkpoints.
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Original English Question

Natalia sold the clips to 48 of her friends in April, and then she sold half that
number of clips in May.. How many clips did Natalia sell in total in April and May

Model Response

1. Calculate the number of clips sold in May by finding half of the number of
clips sold in April: 48 / 2 = 24.

2. Identify the number of clips sold in April, which is given as 48.

3. Add the number of clips sold in April to the number of clips sold in May to
find the total: 48 + 24 = 72.

4. Confirm the total number of clips sold in both months, which is 72.

5. State the final answer, which is the total number of clips sold by Natalia in
April and May.

Figure 15: Original English Arithmetic Question and Corresponding Generated Stepwise Response
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English Question translated to Marathi

Ty uiliese foa fimrear 48 fared faaear 3ol Aox fam Aed < fegoeean
o e faaear.. arfesam Ufties STfor se uepur fanctt foped fadean?

Model Response

1. TRUMER THU:

. Uftrered e Aetea faroarean Tveder araf 9T eNes Aqed fdaedt Aetedn
fepoerdt ivea Aie: 48/2 = 24.

. Ufemed e Neredn farm=ht TveaT aneswaT, St Ufdier e 48.

. Zad! el el oe. A9 e Teted fgoe Sudid qgur fgoaet
T MNYTIATS! SISl 48 + 24 = 72.

5. SFa! Afe-aid fadhedT eled fgwrd Tgpur Heam gt T, of 72,

6. 38, 3IfoT ITR Vg, O UdeT 30T Ay Aarfoia™ fean Teiedr faoam
THUT T 3Te.

N

w

in

Figure 16: Marathi Translation of the English Arithmetic Question and the Corresponding Generated Stepwise
Response
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English Question translated to Hindi

AT = 37ieT § 31U SIedl i 48 gy 5=, 3R v SO 7% & S f3gui & T
1 3TTeT feveT o fT... AT 7 et 3iR 7 # Pt fobait fegy aeit?

Model Response

1. TNU[dg URU:

2. 31T H S aret) fput &Y T o1 e foear o1 o) 98 H S aret! fgai
DI EIT BT TUET DIOTG: 48/2 = 241 .

3. 31T § fS greft fapu il Tweam &Y ug== &y, S 48 & BY H I TS B .

4. el U1 I & foIq 3TieT o et atett fegu ot Heem &1 =1 o fdar arett fegd
&6 T TS-48 + 24 = 721.

5. QI HEHI H fdeT arett 5 &l o1 T Y gie &, i1 72 B
6. 3ifH IR IATSY, ST Ve AR 7 H AT GRT o1 T fegu & et HeA 2|

L J

Figure 17: Hindi Translation of the English Arithmetic Question and the Corresponding Generated Stepwise
Response
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