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Abstract001

Instruction following has become a cornerstone002
capability of Large Language Models (LLMs)003
since the advent of ChatGPT (Ouyang et al.,004
2022). Despite its significance, we observe005
that existing training paradigms often lead to a006
catastrophic degradation in multi-step reason-007
ing performance. This phenomenon is counter-008
intuitive, as robust instruction adherence should009
theoretically augment, rather than hinder, gen-010
eral task performance. To bridge this gap,011
we propose Robust Instruction Following via012
Reinforcement Learning (RoIFRL), a novel RL013
training framework. RoIFRL reframes instruc-014
tion following as a composite task consisting of015
constraint adherence and sequential execution.016
Furthermore, it introduces a two-dimensional017
curriculum that dynamically orchestrates data018
sampling from two subtasks by aligning the019
data mixture and the instruction complexity020
with the policy model’s evolving capabilities.021
We synthesize a comprehensive set of verifi-022
able RL training data covering both subtasks.023
Extensive experiments and ablation studies024
demonstrate that RoIFRL not only preserves but025
further enhances multi-step reasoning while026
significantly improving standard instruction-027
following benchmarks, like IFEval1.028

1 Introduction & Pilot Study029

Reinforcement Learning (RL) has emerged as a
powerful paradigm for enhancing the instruction-
following capabilities of LLMs. Following Pyatkin
et al. (2025) and Peng et al. (2025), improving
Instruction Following via RL (IFRL) could be for-
mulated as optimizing a policy πθ to generate a re-
sponse y that adheres to a specific set of constraints
C while fulfilling a core task x. This optimization
problem is modeled as maximizing the expected re-
turn of a constraint-aware reward function R(y, C):

max
θ

E(x,C)∼D
[
Ey∼πθ(·|x,C)[R(y, C)]

]
1Our codebase and data will be released.

Here, D represents the distribution of instruction- 030

constraint pairs, and R(y, C) could be both deter- 031

ministic programs or reward models. 032

Existing IFRL training recipes (Bercovich et al., 033

2025; Pyatkin et al., 2025; Peng et al., 2025) 034

achieve substantial gains on standard instruction 035

following benchmarks like IFEval (Zhou et al., 036

2023), IFBench (Pyatkin et al., 2025). However, 037

we identify a critical limitation of the IFRL- 038

trained models: their multi-step reasoning abil- 039

ities suffer significant degradation. We train 040

Qwen3 (Yang et al., 2025) models on the veri- 041

fiable instruction-following dataset proposed by 042

Pyatkin et al. (2025) using GPRO (Shao et al., 043

2024) and evaluate these models on standard 044

instruction-following benchmarks, as well as multi- 045

step reasoning benchmarks: GSM8K (Cobbe et al., 046

2021), MATH500 (Lightman et al., 2023), MMLU- 047

Lite (Singh et al., 2025), BBH (Suzgun et al., 2023) 048

and MBPP+ (Austin et al., 2021). 049

Figure 1 illustrates the training rewards and 050

instruction following performance of two IFRL 051

trained Qwen3 models. We observe that training 052

remains stable and accuracy on both IFEval and 053

IFBench consistently improves, confirming IFRL 054

as an effective method for instruction following. 055

However, as detailed in Table 1, IFRL trained mod- 056

els exhibit notable performance drops across most 057

multi-step reasoning benchmarks. Furthermore, 058

IFRL training substantially reduces the number of 059

output tokens across all benchmarks; this reduc- 060

tion indicates a degradation in multi-step reasoning 061

ability, as models tend to produce shorter responses 062

that lack necessary intermediate steps. This raises 063

a fundamental question for existing IFRL training 064

methods: how can we prevent the degradation in 065

multi-step reasoning while improving instruction 066

following? Given that instruction following is a 067

core capability of LLMs, it’s improvement should 068

ideally synergize with, rather than compromise, 069

other essential capabilities. 070
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Figure 1: Standard Instruction Following Performance

Model GSM8K MATH500 MMLU-Lite BBH MBPP+ Avg. Avg. Tokens

Qwen3-0.6B 38.9 36.5 51.6 32.8 34.6 38.9 248
Qwen3-0.6B-IFRL 2.4 4.2 40.8 18.6 18.5 16.9 21
∆ (Base → IFRL) -36.5 -32.3 -10.8 -14.2 -16.1 -22.0 -227

Qwen3-1.7B 46.7 47.4 65.0 42.7 53.7 51.1 399
Qwen3-1.7B-IFRL 19.1 10.6 58.0 33.6 52.3 34.7 50
∆ (Base → IFRL) -27.6 -36.8 -7.0 -9.1 -1.4 -16.4 -349

Table 1: Performance degradation of IFRL-trained models on multi-step reasoning benchmarks.

2 Robust Instruction Following from RL071

To address the limitations of standard IFRL072

in multi-step reasoning, we propose Robust073

Instruction Following via Reinforcement Learning074

(RoIFRL). Unlike the standard formulation which075

focuses solely on constraint adherence, RoIFRL fur-076

ther encourages sequential execution and treats in-077

struction following as a dual-objective optimization078

problem. We draw from two distinct data sources:079

a constraint adherence dataset Dca (where instruc-080

tions xca contains a set of constraints C to adhere)081

and a sequential execution dataset Dse (where in-082

structions xse consists of an ordered sequence of083

sub-steps S = (s1, s2, . . . , sk)). The optimization084

objective is to maximize the expected return over a085

mixed distribution, using specialized reward func-086

tions for each subtask:087

max
θ

(
E(xca,C)∼Dca [Rca(yca, C)]︸ ︷︷ ︸

Constraint Adherence

+ α · E(xse,S)∼Dse [Rse(yse,S)]︸ ︷︷ ︸
Sequential Execution

)
.

(1)088

Rca(yca, C) is used to assess whether the response089

satisfies constraints C. Rse(yse,S) is a reward func-090

tion that evaluates whether the policy correctly ex-091

ecutes the sub-steps S sequentially. By optimizing092

this joint objective, models can not only gain a093

"local focus" of adhering constraints in a single094

instruction but also a "global view" of correctly095

executing the given instructions one by one.096

Two-Dimensional Curriculum for Balanced 097

Training. Instructions for sequential execution 098

encompass many intermediate sub-steps S = 099

(s1, s2, ..., sk), making them inherently more ex- 100

tensive than instructions for constraint adherence. 101

Consequently, models are required to generate 102

much longer to fulfill all the substeps. How to 103

balance the optimization of the subtasks in Eq. 1 104

is the key for effective training. To address this, 105

we introduce a Two-Dimensional Curriculum that 106

dynamically orchestrates data sampling from two 107

subtasks by aligning both the inter-source mixture 108

ratio and intra-source instruction complexity with 109

the policy model’s evolving capabilities. 110

Inter-Source Balance via Online Rewards The 111

online training reward serves as an informative sig- 112

nal of the policy’s evolving ability. To balance 113

the mixing ratio in a training batch between in- 114

struction sources d ∈ {Dca,Dse}, we employ an 115

inverse-reward sampling strategy. We maintain 116

an exponential moving average (EMAd) of the re- 117

wards of model responses for each source. Sam- 118

pling weights wd are dynamically adjusted such 119

that sources with lower performance are sampled 120

more frequently: 121

wd ∝ exp (−EMAd/τ) , s.t.
maxdwd

mindwd
≤ R, 122

where τ controls the sensitivity to reward differ- 123

ences and R is a clipping ratio to prevent one data 124

source dominates the training batch. This creates 125

a self-correcting loop: if the policy struggles with 126

2



one task, the corresponding sampling weight in-127

creases; as proficiency is regained, the curriculum128

naturally shifts back to the other task.129

Intra-Source Balance for Sequential Execution130

Training on samples with complexity closest to the131

model’s current capability is intuitive and effec-132

tive (Bae et al., 2025; Shi et al., 2025), where a133

reliable complexity measure is crucial. To achieve134

this, we employ LogicIFGen (Zhang et al., 2025) to135

generate verifiable instructions for sequential exe-136

cution. LogicIFGen transforms a code function and137

its associated test cases into a multi-step natural138

language instruction that guides the model through139

the input processing steps required to obtain the140

correct output. The complexity of the generated141

instructions can be naturally measured by Abstract142

Syntax Tree and are verified to be reliable. We then143

partition the instructions of sequential execution144

into complexity intervals i ∈ {0, . . . , N}. Higher145

complexity intervals are unlocked only when the146

policy’s EMADse exceeds a threshold. To acceler-147

ate adaptation to newly unlocked difficulties while148

preventing forgetting of simpler skills, we apply149

interval decaying. Given unlocked intervals 0 . . . k,150

the probability of sampling interval i is:151

P (i) =
λk−i∑k
j=0 λ

k−j
,152

where λ ∈ (0, 1] is a decay factor. This mechanism153

ensures the model focuses on the frontier of its154

capabilities (highest weight on interval k) while155

maintaining previously learned skills.156

3 Experiments157

Data for Instruction Following 1) For constraint158

adherence (CA), we incorporate the IFTrain dataset159

proposed by (Pyatkin et al., 2025), which contains160

95k instructions with diverse verifiable constraints.161

2) For sequential execution (SE), we collect the so-162

lutions from the code_contests dataset (Li et al.,163

2022) as seed functions and feed them to LogicIF-164

Gen (Zhang et al., 2025). As a result, we generate165

441,564 verifiable SE instructions corresponding to166

27,324 functions, with an average length of 1,030.5167

words. Following Zhang et al. (2025), we use Ab-168

stract Syntax Tree to get the complexity scores of169

the instructions, whose distribution is shown in Fig-170

ure 3. Please see Appendix Section A for more171

details of the training data.172

Experimental Setting We use the instruct ver- 173

sion of Qwen3-0.6B as the base model for the train- 174

ing. The clipping ratio for the two types of instruc- 175

tion following data R is set to 3 and the temperature 176

τ is set to 0.3 for inter-source balance. For intra- 177

source balance of SE, we divide the instructions 178

into 20 intervals based on their complexity scores 179

and unlock the easiest 4 intervals before training. 180

The unlocking threshold is set to 0.5, which cor- 181

responds to a model success rate of roughly 50% 182

and the decay factor λ is set to 0.8. We use a train- 183

ing batch size of 512, a learning rate of 1e-6, and 184

GRPO with a group size of 8. For evaluation, we 185

evaluate the models on the same benchmarks as the 186

preliminary experiments in Section 1 and use the 187

recommended decoding temperature of 0.7 (Yang 188

et al., 2025). More detailed experimental setting 189

could be found at Appendix Section B. 190

Main Results The performance comparison of 191

the base model and the models trained with IFRL 192

and RoIFRL are shown in Table 2. We found that: 193

1) Redefining instruction following as a com- 194

posite task consisting of both constraint adher- 195

ence (CA) and sequential execution (SE) is not 196

only more intuitive but also empirically more 197

effective. This is clearly demonstrated in the fi- 198

nal row of Table 2 ("- Inter-source Balance (Fixed 199

1:1)"), where we implement a fixed 1:1 training 200

mixture of CA and SE data (no two-dimensional 201

curriculum), the model’s multi-step reasoning ca- 202

pability is successfully maintained, with an aver- 203

age of 35.1 compared to the IFRL trained model 204

(16.9), while suffering only a minor reduction in 205

standard instruction-following. 2) Our proposed 206

Two-Dimensional Curriculum effectively opti- 207

mizes the synergy between two disparate instruc- 208

tion following training data sources. As shown 209

in Table 2, the final Qwen3-0.6B-RoIFRL model 210

achieves the highest performance across both type 211

of benchmarks, reaching an average of 41.5 in 212

multi-step reasoning and 60.3 in instruction fol- 213

lowing. Notably, RoIFRL not only prevents the 214

degradation seen in standard IFRL but improves 215

the base model’s multi-step reasoning from 38.9 216

to 41.5 while simultaneously achieve better results 217

than IFRL-trained model in instruction following 218

(60.3 vs. 59.5). It achieves a significant leap in 219

GSM8K performance to 58.9 (compared to the base 220

model’s 38.9) and maintains a superior IFBench 221

score of 43.7. These results confirm the effective- 222

ness of the proposed two-dimensional curriculum 223
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Model Multi-Step Reasoning Instruction Following

GSM8K MATH500 MMLU-Lite BBH MBPP+ Avg. IFEval IFBench Avg.

Qwen3-0.6B 38.9 36.5 51.6 32.8 34.6 38.9 56.1 17.0 36.6
Qwen3-0.6B-IFRL 2.4 4.2 40.8 18.6 18.5 16.9 82.4 36.5 59.5

Qwen3-0.6B-RoIFRL 58.9 42.0 46.4 26.7 33.3 41.5 76.8 43.7 60.3
– Interval Decaying 48.9 44.4 44.0 23.5 34.4 39.0 80.5 36.5 58.5
– Intra-source Balance for SE 61.6 43.8 34.5 23.1 15.6 35.7 75.0 33.1 54.1
– Inter-source Balance (Fixed 1:1) 49.8 35.4 42.1 27.7 20.6 35.1 77.8 35.4 56.6

Table 2: Model Performance on Multi-step Reasoning and Standard Instruction Following Benchmarks

to dynamically orchestrate data sampling based on224

evolving policy capabilities.225

Ablation on the Components of Two-Dimen-226

sional Curriculum We remove the components227

of the two-dimensional curriculum one by one to228

study their effect on the model training, specifically,229

the interval decaying for intra-source balance, the230

whole intra-source balance for SE and the inter-231

source balance mechanism. Removing all compo-232

nents reverts the training to a "Fixed 1:1" baseline,233

where the sampling ratio between data sources re-234

mains 1:1 throughout training. As shown in Ta-235

ble 2, removing the intra-source balance for SE236

results in the most significant performance degra-237

dation. Specifically, the average multi-step rea-238

soning score drops from 39.0 to 35.7, while the239

average instruction-following decreases from 58.5240

to 54.1. This indicates that progressive learning241

on SE is essential for balancing the two types of242

model capabilities. Furthermore, we observe that243

applying inter-source balance alone yields negli-244

gible gains in reasoning and may even deteriorate245

instruction following. By analyzing the training246

ratio of CE samples in Figure 4, we note a pre-247

cipitous drop at the beginning of training. This248

is attributed to the model being overwhelmed by249

high-complexity SE data before mastering basic250

skills. These findings underscore that inter-source251

balance is better coupled with intra-source com-252

plexity control to maintain training stability when253

the dataset contains challenging SE instructions.254

Comparison with Math RL Data To investi-255

gate whether the performance recovery observed256

in RoIFRL is simply a result of introducing addi-257

tional data requiring multi-step inference or specifi-258

cally due to the SE data, we compare our approach259

against a model trained on a 1:1 mixture of CE260

instructions and pure mathematical reasoning data261

(Math RL Data). We use DeepScalarR (Luo et al.,262

2025), which contains 40k unique mathematics263

problem-answer pairs from various math compe-264
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titions. As illustrated in Figure 2, while incorpo- 265

rating Math RL data provides a significant boost 266

to domain-specific performance, it results in a lack 267

of general robustness compared to our approach: 268

1) The Math RL model achieves peak performance 269

on math benchmarks, reaching 64.5 on GSM8K 270

and 40.4 on MATH500. However, this specialized 271

gain comes at the cost of performance degradation 272

in other domains. 2) In contrast, our proposed SE 273

data are far more balanced and generalized. While 274

its scores on GSM8K and MATH500 are lower, 275

it maintains significantly higher performance on 276

MMLU-Lite, BBH, and MBPP compared to CA + 277

Math data and the average multi-step reasoning is 278

better (35.1 vs 32.8). 3) According to Table 2, by 279

further adopting the two-dimensional curriculum, 280

the model trained with CA + SE data could achieve 281

far more better performance than CA + Math data. 282

4 Conclusion 283

We propose RoIFRL, a novel RL framework that 284

addresses the multi-step reasoning degradation typ- 285

ically observed in instruction-following training via 286

RL. By reframing instruction following as a com- 287

posite task of constraint adherence and sequential 288

execution, and employing a Two-Dimensional Cur- 289

riculum to balance disparate data sources during 290

training, RoIFRL effectively preserves and even en- 291

hances multi-step reasoning ability while improv- 292

ing the standard instruction following. 293
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5 Limitation294

Despite the effectiveness of RoIFRL, our work has295

several limitations that provide directions for future296

research.297

• Due to the substantial computational re-298

sources required for the long generations char-299

acteristic of sequential execution, we primar-300

ily validated our framework on the Qwen-301

0.6B model. While the results are promising,302

the scalability of RoIFRL to larger models303

remains to be fully explored. Furthermore,304

given our hardware constraints, we utilized305

intuitive or standard hyperparameter configu-306

rations rather than conducting an exhaustive307

search, which may leave room for further per-308

formance optimization.309

• Our current intra-source curriculum is exclu-310

sively applied to sequential execution data.311

This decision was driven by the availability of312

reliable and accurate complexity metrics for313

SE instructions—specifically those derived314

from Abstract Syntax Trees via LogicIFGen.315

In contrast, measuring the difficulty of in-316

structions for constraint adherence remains an317

open challenge. Our findings suggest that the318

Two-Dimensional Curriculum can effectively319

maintain training stability and balance data320

sampling through the SE curriculum. Con-321

sequently, extending intra-source curriculum322

learning to constraint adherence is deferred to323

future work.324
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A Training Data432

The code_contests dataset (Li et al., 2022)433

is a large-scale, high-quality benchmark for434

competition-level code generation, originally in-435

troduced by Google DeepMind. It aggregates436

competitive programming problems from multi-437

ple platforms, including Codeforces, Description,438

and Aizu Online Judge. Each problem instance439

contains a natural language description, multiple440

correct and incorrect solutions in various program-441

ming languages (e.g., C++, Python, Java), and a442

comprehensive set of test cases.443

From this dataset, we extract problem descrip-444

tions together with the corresponding Python solu-445

tions and test cases. In addition, we prompt GPT-5446

to generate alternative solutions and additional test447

cases for each problem to further increase diver-448

sity. These solution functions and test cases are449

then passed into LogicIFGen (Zhang et al., 2025)450

to produce sequential execution instructions in nat-451

ural language. We apply the same data-cleaning452

pipeline as described in Zhang et al. (2025), fil-453

tering out test cases involving excessively large454

numerical values or high-precision outputs, which455

are unsuitable for sequential execution. We follow456

Zhang et al. (2025) to use Abstract Syntax Tree to457

get the Cyclomatic Complexity (C), Nesting depth458

(D), the number of function invocation (F ), and the459

Function length (L) and calculate the complexity460

score as folllows:461

Score = D × 3 + F × 2 + C × 1 + L× 0.5.462

Finally, we obtain 441,564 verifiable multi-step463

instructions corresponding to 27,324 functions cov-464

ering a wide range of logical complexity as shown465

in Figure 3. We randomly sample 80k instructions466

for model training. An example of the sequential

0 25 50 75 100 125 150 175 200
Complexity Score

0

1000

2000

3000

4000

5000

6000

7000

Fr
eq

ue
nc

y

Instruction Complexity Score Distribution (Max: 200)

Figure 3: Sequential Execution Data Complexity

467
execution instruction and its corresponding source 468

function is as follows: 469

Sequential Execution Instruction

INPUTS:
You’re working with three separate integer values called a, b, and c. Each
one is just a whole number on its own—there’s no extra structure or list,
just these three numbers.
LOGICS:
Okay, let’s walk through it step by step. First, what you’re going to do is
create a counter named k and set it to 0. That’s the only counter you’ll
need. Next, you need to figure out the total. So take the value in a, add to it
the value in b, and then add the value in c. Write that sum down and call it
total. At this point, you want to pick out the single biggest number among
a, b, and c. Here’s how: compare a and b—if a is larger, keep a in mind; if
b is larger, keep b in mind. Then take whichever one you kept and compare
it to c—whichever is larger there is your largest. Write that value down
and call it largest. Now you’re going to compare that largest to the sum
of the other two. To get that sum, take total and subtract largest; call the
result remainder. Here comes the decision point: check if largest is strictly
greater than remainder. If largest > remainder, then you go down the first
path: Add 1 to your counter k (so it goes from 0 to 1). Set a new value
called original_result equal to remainder. You’re done—skip the next step
and move straight to the finish. If largest is not greater than remainder
(meaning largest <= remainder), you go down the second path: Calculate
original_result by dividing total by 2 and throwing away any fraction (just
the integer part). Leave k at whatever it already is (which will still be 0).
Then you’re done with the steps. Either way, you finish with two things:
original_result and your counter k.
OUTPUTS:
When you finish, you’ll have: 1) original_result — a single integer you
computed by one of those two paths; and 2) a small statistics map with one
entry: ’k’. Its value is the final count you ended up with (either 0 or 1).
Input Values: [2, 3, 5]

470

Function: 471

def f(a, b, c): 472
k = 0 473
total = a + b + c 474
largest = max(a, b, c) 475
if largest > total - largest: 476

k += 1 477
original_result = total - largest 478
return original_result , {'k': k} 479

original_result = total // 2 480
return original_result , {'k': k} 481

B Experimental Settings 482

The detailed training and evaluation parameters 483

are shown in Table 3. All the experiments are 484

conducted on two NVIDIA A100 GPUs. 485

We evaluate our models on five diverse 486

benchmarks spanning mathematical reason- 487

ing, code generation, and general knowledge: 488

GSM8K (Cobbe et al., 2021) (1,319 grade- 489

school math problems with chain-of-thought 490

prompting), MATH500 (Lightman et al., 2023) 491

(500 competition-level mathematics problems), 492

MBPP+ (Austin et al., 2021) (378 Python 493

programming tasks), MMLU-lite (Singh et al., 494

2025) (615 multiple-choice questions across 495

various domains in English), and BBH (Suzgun 496

et al., 2023) (Big-Bench Hard, comprising 6,511 497

samples across 23 challenging reasoning tasks). 498

All evaluations are conducted using the NeMo 499

Evaluator framework with models served via 500
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https://docs.python.org/3/library/ast.html
https://github.com/NVIDIA-NeMo/Evaluator
https://github.com/NVIDIA-NeMo/Evaluator
https://github.com/NVIDIA-NeMo/Evaluator


Parameter Value

Model and Data Configuration
Base Model Qwen3-0.6B (Instruct)
EMA Momentum 0.2
Max Mixture Ratio (R) 3
Sampling Temperature (τ ) 0.3
Reward Threshold 0.5
Decay Factor (λ) 0.8
Number of Complexity Intervals 40
Initial Data Source Ratio 1:1

Training
Temperature 1e-6
Global Batch Size 512
Max Steps 500
GRPO Group Size 8
KL Loss Coefficient 0.001
Max Completion Tokens 4096

Evaluation
Decoding Temperature 0.7
Top-p 0.8
Top-k 20
Max Completion Tokens 8192

Table 3: Experimental Settings for RoIFRL

vLLM. We use consistent generation parameters501

across all benchmarks. Each sample is evaluated502

with a single generation.503

C Ablation Experiments504
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Figure 4: Batch Ratio of Constraint Adherence Data

8


	Introduction & Pilot Study
	Robust Instruction Following from RL
	Experiments
	Conclusion
	Limitation
	Training Data
	Experimental Settings
	Ablation Experiments

