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ABSTRACT

Diffusion language models (dLLMs) offer a unique advantage over autoregres-
sive models: order robustness—the ability to solve reasoning problems regard-
less of whether reasoning precedes or follows the answer. However, the domi-
nant approach to improving dLLM performance is reinforcement learning with
autoregressive-order (AR-order) reward signals, such as JustGRPO. We investi-
gate whether this training paradigm compromises order robustness. Comparing
LLaDA-8B-Instruct (diffusion base), LLaDA-Instruct-JustGRPO (AR-order RL
trained), and Qwen2.5-7B-Instruct (AR anchor) on ReasonOrderQA and GSM8K,
we find that JustGRPO significantly reduces order robustness: the robustness ratio
drops by 0.192 on ReasonOrderQA and 0.138 on GSM8K. JustGRPO’s robustness
profile sits between the diffusion base and AR anchor, covering approximately
53% of the gap. The degradation is concentrated at medium difficulty levels re-
quiring multi-step reasoning. While AR-order RL improves CoT-First accuracy
by up to 19.6 percentage points, this reveals a fundamental accuracy-robustness
trade-off in dLLM post-training.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Diffusion language models (dLLMs) have emerged as a promising alternative to autoregressive (AR)
models for text generation (Sahoo et al., 2024; Nie et al., 2025; Ye et al., 2025). Unlike AR models
that generate tokens strictly left-to-right, dLLMs produce text through iterative denoising, enabling
parallel generation and flexible output orders. Recent work has demonstrated that this architectural
difference confers a unique advantage: dLLMs exhibit “order robustness”—the ability to solve rea-
soning problems regardless of whether the reasoning chain precedes or follows the answer (Yu et al.,
2026). This property is fundamentally absent in AR models, which struggle when asked to produce
answers before reasoning.

However, the dominant approach to improving dLLM performance is reinforcement learning (RL)
post-training with AR-order reward signals. JustGRPO (Ou et al., 2025) applies Group Relative
Policy Optimization using left-to-right token-level rewards, achieving substantial gains on reasoning
benchmarks. This raises a critical question: Does AR-order RL training compromise the order
robustness that distinguishes dLLMs from AR models?

We provide the first empirical investigation of this question. We compare three models—
LLaDA-8B-Instruct (diffusion base), LLaDA-Instruct-JustGRPO (diffusion with AR-order RL), and
Qwen2.5-7B-Instruct (AR anchor)—on ReasonOrderQA and GSM8K under both CoT-First and
Answer-First prompt conditions. This design isolates the effect of AR-order RL training while pro-
viding an AR reference point. Our contributions are:

• We demonstrate that JustGRPO significantly reduces order robustness in diffusion LMs,
with robustness ratio drops of 0.192 on ReasonOrderQA and 0.138 on GSM8K—both ex-
ceeding our decision threshold of 0.10.

1https://gitlab.com/fars-a/justgrpo-order-robustness
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• We show that JustGRPO’s robustness profile sits between the diffusion base and AR anchor,
covering approximately 53% of the robustness gap, suggesting partial internalization of
AR-style order dependence.

• We reveal that the degradation is concentrated at medium difficulty levels (D2–D3), where
multi-step reasoning is required, while simple problems (D1) remain robust.

• We identify a fundamental accuracy-robustness trade-off: AR-order RL training improves
CoT-First accuracy by up to 19.6 percentage points but at the cost of reduced order flexi-
bility.

2 RELATED WORK

Diffusion Language Models. Discrete diffusion models have emerged as a promising paradigm
for text generation, offering an alternative to the dominant autoregressive approach. Early work es-
tablished theoretical foundations for diffusion in discrete state spaces (Austin et al., 2021), with sub-
sequent methods improving training efficiency through score entropy estimation (Lou et al., 2023)
and masked diffusion objectives (Sahoo et al., 2024). Recent efforts have scaled these approaches to
large language model sizes, with LLaDA (Nie et al., 2025) and Dream 7B (Ye et al., 2025) demon-
strating competitive performance with autoregressive models. A key advantage of diffusion LMs is
their inherent order flexibility—unlike AR models that must generate tokens left-to-right, diffusion
models can produce tokens in arbitrary orders through iterative denoising (Li et al., 2023).

RL Post-Training for Diffusion LMs. Reinforcement learning has become a standard approach
for improving language model capabilities after pretraining. For diffusion LMs, several methods
have been proposed to apply RL with various reward signals. JustGRPO (Ou et al., 2025) adapts
Group Relative Policy Optimization to diffusion models using left-to-right token-level rewards,
achieving strong results on reasoning benchmarks. Other approaches include dUltra (Chen et al.,
2025), which uses RL to accelerate inference, MDPO (He et al., 2025), which addresses training-
inference mismatches, and Inpainting-Guided Policy Optimization (Zhao et al., 2025). However,
recent work has raised concerns about the “flexibility trap” (Ni et al., 2026), suggesting that arbi-
trary generation orders may limit reasoning potential.

Order Robustness and Non-Monotonic Generation. The question of generation order has been
explored from multiple perspectives. Yu et al. (2026) introduced the ReasonOrderQA benchmark to
measure order robustness—the ability to solve reasoning problems regardless of whether reasoning
precedes or follows the answer. Their work showed that diffusion LMs exhibit substantially higher
order robustness than AR models. Related research on non-monotonic generation includes the In-
sertion Transformer (Stern et al., 2019) and Levenshtein Transformer (Gu et al., 2019), which allow
flexible insertion and deletion operations during generation.

Chain-of-Thought Reasoning. Chain-of-thought (CoT) prompting (Wei et al., 2022) has become
essential for eliciting reasoning capabilities in language models. The standard CoT paradigm as-
sumes a reasoning-before-answer order, where intermediate steps precede the final answer. This
assumption is implicit in most RL training methods that use left-to-right reward signals. Our work
investigates whether this AR-order bias in RL training compromises the order flexibility that distin-
guishes diffusion LMs from their autoregressive counterparts.

3 EXPERIMENTAL SETUP

3.1 PROBLEM FORMULATION

Figure 1 illustrates our evaluation framework. We define order robustness as a model’s ability to
maintain reasoning performance regardless of the expected output order. Given a model M and a
reasoning benchmark, let Acc(CF) denote accuracy under CoT-First prompts (where the model is
instructed to produce reasoning before the answer) and Acc(AF) denote accuracy under Answer-
First prompts (where the answer should precede reasoning). The robustness ratio is defined as:

r =
Acc(AF)
Acc(CF)

(1)
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Figure 1: Evaluation framework for measuring order robustness in diffusion language models. We
compare three models (LLaDA-8B-Instruct, LLaDA-Instruct-JustGRPO, Qwen2.5-7B-Instruct) un-
der two prompt conditions (CoT-First and Answer-First) on ReasonOrderQA and GSM8K bench-
marks. The robustness ratio r = Acc(AF)/Acc(CF) quantifies how well a model maintains perfor-
mance when the expected output order is reversed.

A robustness ratio of r = 1 indicates perfect order robustness, while r < 1 indicates degradation
under Answer-First prompts. We adopt a decision threshold of ∆r ≥ 0.10 to indicate significant
robustness reduction.

3.2 MODEL COMPARISON

Our experimental design compares three models to isolate the effect of AR-order RL training:

LLaDA-8B-Instruct (Diffusion Base). The base diffusion language model (Nie et al., 2025) with
8B parameters, trained using masked diffusion objectives without AR-order RL post-training. This
serves as our baseline for diffusion model order robustness.

LLaDA-Instruct-JustGRPO (AR-order RL). The same base model fine-tuned with Just-
GRPO (Ou et al., 2025), which applies Group Relative Policy Optimization using left-to-right token-
level rewards. This represents the effect of AR-order RL training on a diffusion model.

Qwen2.5-7B-Instruct (AR Anchor). A pure autoregressive model (Yang et al., 2024) with 7B
parameters, serving as an anchor point for AR-style order dependence. This establishes the expected
robustness profile of a model that fundamentally generates left-to-right.

3.3 BENCHMARKS

We evaluate on two reasoning benchmarks following Yu et al. (2026):

ReasonOrderQA. A benchmark of 1,000 arithmetic reasoning problems across four difficulty
levels (D1–D4), specifically designed to test order robustness. Problems range from simple addition
(D1) to complex multi-step calculations (D4).

GSM8K. A standard benchmark of 1,319 grade-school math word problems (Cobbe et al., 2021),
used to test generalization of order robustness findings to natural language reasoning.
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Table 1: Order robustness comparison across models and benchmarks. Best robustness ratio per
benchmark in bold. JustGRPO significantly reduces order robustness compared to LLaDA-base
(∆r = −0.192 on ROQA, −0.138 on GSM8K), while substantially improving CoT-First accuracy
(+19.6pp on ROQA, +15.0pp on GSM8K).

ReasonOrderQA GSM8K
Model CF AF r Gap CF AF r Gap

LLaDA-8B-Instruct 68.9 48.1 0.698 20.8 73.5 44.5 0.606 29.0
LLaDA-Instruct-JustGRPO 88.5 44.8 0.506 43.7 88.5 41.4 0.468 47.1
Qwen2.5-7B-Instruct 90.5 30.7 0.339 59.8 65.5 22.3 0.340 43.2

3.4 GENERATION SETTINGS

For diffusion models, we use: steps=256, gen length=512, block length=32, temperature=0.0,
and low-confidence remasking. The temperature of 0.0 ensures deterministic generation by elim-
inating Gumbel noise in the sampling process. For the AR model, we use greedy decoding
(temperature=0.0) with max new tokens=512. All experiments are fully deterministic, verified
by a separate ablation confirming bitwise identical outputs across runs.

4 EXPERIMENTS

4.1 MAIN RESULTS

Table 1 presents the order robustness comparison across all three models on both benchmarks. We
report accuracy under CoT-First (CF) and Answer-First (AF) prompts, the robustness ratio r, and
the absolute accuracy gap.

JustGRPO Significantly Reduces Order Robustness. The results reveal a substantial reduction
in order robustness after AR-order RL training. On ReasonOrderQA, JustGRPO’s robustness ratio
drops to 0.506 compared to 0.698 for the base model, a decrease of 0.192 that exceeds our decision
threshold of 0.10. On GSM8K, the robustness ratio drops from 0.606 to 0.468 (∆r = −0.138),
similarly exceeding the threshold. These findings demonstrate that AR-order GRPO post-training
significantly compromises the order robustness of diffusion language models.

Accuracy-Robustness Trade-off. While JustGRPO reduces order robustness, it substantially im-
proves CoT-First accuracy. On ReasonOrderQA, CoT-First accuracy increases from 68.9% to 88.5%
(+19.6 percentage points), and on GSM8K from 73.5% to 88.5% (+15.0pp). However, Answer-First
accuracy slightly decreases: from 48.1% to 44.8% on ReasonOrderQA and from 44.5% to 41.4% on
GSM8K. This reveals a fundamental trade-off: AR-order RL training improves standard reasoning
performance but at the cost of reduced order flexibility.

JustGRPO Sits Between Diffusion Base and AR Anchor. JustGRPO’s robustness profile falls
between the diffusion base model and the pure AR anchor. On ReasonOrderQA, JustGRPO
(r = 0.506) covers approximately 53% of the robustness gap between LLaDA-base (r = 0.698)
and Qwen2.5 (r = 0.339), computed as (0.698 − 0.506)/(0.698 − 0.339) = 53.5%. This sug-
gests that AR-order RL training partially internalizes the sequential generation bias characteristic of
autoregressive models.

4.2 PER-DIFFICULTY ANALYSIS

Figure 2 presents the per-difficulty breakdown of order robustness on ReasonOrderQA. The analysis
reveals that JustGRPO’s robustness degradation is not uniform across difficulty levels but concen-
trated at medium difficulties (D2–D3).

At D1 (simple addition), all three models maintain relatively high robustness: LLaDA-base achieves
r = 0.963, JustGRPO achieves r = 0.917, and even Qwen2.5 achieves r = 0.844. The robustness
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Figure 2: Order robustness degradation by problem difficulty on ReasonOrderQA. JustGRPO’s ro-
bustness degradation is concentrated at medium difficulty levels (D2–D3), where problems require
multi-step reasoning. At D1 (easy), all models maintain high robustness. At D4 (hard), all models
fail under Answer-First (floor effect).

Table 2: Effect of canvas length on order robustness (ReasonOrderQA). Shorter canvas (L = 64)
attenuates the robustness gap between LLaDA-base and JustGRPO (gap ratio = 0.756), suggesting
that longer generation contexts amplify the robustness degradation effect.

Model L CF AF r

LLaDA-8B-Instruct 64 74.1 62.7 0.846
LLaDA-8B-Instruct 512 68.9 48.1 0.698
LLaDA-Instruct-JustGRPO 64 82.3 57.7 0.701
LLaDA-Instruct-JustGRPO 512 88.5 44.8 0.506

drop from base to JustGRPO is only ∆r = −0.046, indicating that AR-order training has minimal
impact on simple problems.

At D2–D3 (multi-step arithmetic), the degradation is most pronounced. For D2, the robustness
ratio drops from 0.635 (LLaDA-base) to 0.407 (JustGRPO), a decrease of ∆r = −0.228. For D3,
the drop is even larger: from 0.527 to 0.288 (∆r = −0.239). These medium-difficulty problems
require multi-step reasoning but remain solvable, making them the most sensitive to order-dependent
training.

At D4 (complex multi-step), all models achieve r = 0 because Answer-First accuracy is zero across
the board. This floor effect indicates that the most difficult problems are unsolvable under Answer-
First prompts regardless of training method, likely because they exceed the models’ reasoning ca-
pacity when the answer must be produced before the reasoning chain.

4.3 CANVAS LENGTH ABLATION

Table 2 examines how canvas length (generation length) affects order robustness. At the shorter
canvas length (L = 64), both models exhibit higher robustness ratios: LLaDA-base achieves r =
0.846 and JustGRPO achieves r = 0.701. The robustness gap between models is 0.145 at L = 64
compared to 0.192 at L = 512, yielding a gap ratio of 0.756.

This attenuation suggests that longer generation contexts amplify the robustness degradation effect
of AR-order training. With more tokens to generate, the sequential dependencies learned during
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AR-order RL training have more opportunity to conflict with the parallel generation mechanism
under Answer-First prompts. Notably, even at L = 64, JustGRPO still shows significant robustness
degradation (∆r = −0.145), indicating that the effect persists across generation lengths.

Deterministic Verification. All experimental results are fully deterministic with zero sampling
variance. We verified this through a separate ablation that re-ran both diffusion models under iden-
tical settings, confirming that all 4,000 outputs (2 models × 2 conditions × 1,000 problems) are
bitwise identical between runs. The robustness difference of 0.192 between JustGRPO and LLaDA-
base is therefore an exact measurement, not subject to sampling noise.

5 CONCLUSION

We have demonstrated that AR-order GRPO post-training significantly reduces order robustness in
diffusion language models. JustGRPO’s robustness ratio drops by 0.192 on ReasonOrderQA and
0.138 on GSM8K, with degradation concentrated at medium difficulty levels requiring multi-step
reasoning. While AR-order RL training improves CoT-First accuracy by up to 19.6 percentage
points, this comes at the cost of reduced order flexibility—a fundamental trade-off in dLLM post-
training. Future work should explore order-agnostic RL training methods that preserve the unique
advantages of diffusion models while improving reasoning performance.
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