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Abstract. Reinforcement-learning alignment for autoregressive image
generation is bottlenecked by expensive rollouts: in GRPO-style group
optimization, sampling G rollouts per prompt improves exploration and
within-group credit estimation but multiplies sampling cost. This chal-
lenge is amplified by vector-quantized (VQ) tokenization, where nearby
codebook IDs in embedding space can be locally substitutable; however,
GRPO-style updates provide explicit positive credit only to sampled IDs,
leading to insufficient coverage of success-supported alternatives under
small-G training. We propose GR-GRPO (Graph-Regularized GRPO),
which densifies token-level supervision without additional rollouts by dif-
fusing positive evidence from positive rollouts over a precomputed code-
book K-NN graph to construct graph-diffused soft targets, and regulariz-
ing the policy toward these targets via an auxiliary cross-entropy term. A
confidence-adaptive gate modulates diffusion strength based on the pol-
icy’s logit margin, and a difficulty-aware budget allocation scheme fur-
ther improves rollout utilization across prompts. Extensive experiments
on compositional image generation (GenEval) and preference-style align-
ment (DrawBench) validate the effectiveness of GR-GRPO. In particular,
GR-GRPO achieves a substantially better compute—performance trade-
off, surpassing large-group training (G=64) with ~ 4.6x less rollout time
on Janus-Pro-1B. Our code and model weights are available at
https://github.com/vivoCameraResearch/GR-GRPO.
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1 Introduction

Autoregressive (AR) models have become a competitive paradigm for visual gen-
eration, scaling effectively to high-resolution synthesis [4,26,39,45L[47]. Aligning
these models with human intent or preference signals is increasingly done through
reinforcement learning from sequence-level scalar feedback, ranging from dis-
crete success verifiers to continuous preference/aesthetic scorers [7}/11L[18}/28/58].
A central practical constraint is rollout cost: generating a single image requires
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predicting hundreds to thousands of tokens, so on-policy training is dominated
by sampling, and the total budget limits how many rollouts can be afforded.

This budget constraint conflicts with how group-based policy optimization
is typically made effective. Methods such as GRPO rely on sampling a group
of G rollouts per prompt; larger groups often improve learning by expanding
trajectory exploration and stabilizing relative credit within the group. However,
increasing G directly multiplies rollout cost. As shown in Fig. I} GenEval perfor-
mance improves with G, but runtime grows steeply, making large-group training
expensive. The key question is therefore: how can we obtain the coverage
benefits of larger groups without paying for more rollouts?

The challenge is amplified by discrete visual tokenization. Many AR gener-
ators operate over a vector-quantized (VQ) codebook, where different code IDs
can correspond to similar decoded content, implying local substitutability at
the token level, as illustrated in Fig. [3| This property matters for GRPQO’s credit
assignment: under point-wise updates, successful rollouts expose only a few sam-
pled code IDs, while other locally substitutable alternatives receive no explicit
credit. With small G, this limited success-support coverage can bias learning
toward a narrow subset of token realizations, yielding slower improvement and a
persistent performance gap to large-group training. We quantify this effect using
SuccessSetMass (Fig. , the average probability mass that the policy assigns
to token IDs observed in successful rollouts. Higher SuccessSetMass indicates
broader coverage of success-supported alternatives, while lower values indicate
sparse coverage under limited sampling.

Crucially, the VQ codebook provides a concrete handle to address this gap.
Fig. |3| shows that replacing tokens in a successful sequence with their codebook
K-NN neighbors preserves success and semantic consistency far better than ran-
dom replacement, indicating strong local substitutability. This suggests that pos-
itive credit can be safely shared within a small neighborhood in the codebook
embedding space, motivating credit propagation on a codebook graph.

Based on these observations, we propose GR-GRPO (Graph-Regularized
GRPO) to improve success-support coverage without increasing rollouts. The
core idea is to convert sparse hard-hit evidence from successful or high-scoring
trajectories into a denser, set-valued supervision signal over locally substitutable
code IDs. Concretely, we aggregate positive token evidence and diffuse it on a
precomputed codebook K-NN graph to form graph-diffused soft targets; we then
regularize the policy toward these targets via an auxiliary cross-entropy term
Lcr- A confidence-adaptive gate controls the diffusion strength. Orthogonally,
we use a difficulty-aware budget allocation scheme that allocates more sampling
to prompts that require more exploration, based on an offline difficulty estimate.

Experiments on Janus-Pro-1B/7B show that GR-GRPO consistently im-
proves both compositional alignment on GenEval and preference-style alignment
on DrawBench. On GenEval, graph regularization at G=8 improves the Janus-
Pro-1B score from 0.84 to 0.86. It matches vanilla GRPO at G=32 with a 3.3x
reduction in rollout time. With difficulty-aware budget allocation, the full system
further reaches 0.87 and surpasses GRPO at G=64 with a 4.6 x reduction in roll-
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Fig. 1: Compute—coverage trade-off of group sampling on GenEval (Janus-Pro-1B).
Left: sweeping G € {4, 8,16, 32,64} for GRPO, larger G improves GenEval success rate
but increases rollout sampling time (top), and increases SuccessSetMass (bottom;
Sec. . A higher SuccessSetMass indicates that the policy assigns more probability
mass to a broader set of success-supported token alternatives, improving coverage of
viable successful options. Right: representative generations for the same prompt under
GRPO models trained with increasing G. GR-GRPO attains high success rate with high
SuccessSetMass at substantially lower rollout cost.

out time (Fig. . On DrawBench, GR-GRPO also improves multiple pretrained
preference and quality metrics across both model scales.
In summary, our main contributions are:

— We diagnose a compute—coverage bottleneck in group-based RL for VQ-
based AR image generation: larger groups improve performance but rapidly
increase rollout cost, while small-G training under-covers success-supported
token alternatives, as quantified by SuccessSetMass.

— We propose GR-GRPO, which exploits local token substitutability in the
VQ codebook (Fig. [3) and diffuses positive token evidence on a codebook K-
NN graph to construct graph-diffused targets, densifying supervision without
additional rollouts.

— GR-GRPO improves GenEval and DrawBench across model scales and achieves
a substantially better compute—performance trade-off than increasing G alone.

2 Related Work

2.1 Autoregressive Image Generation

Autoregressive (AR) image generation models an image as a token sequence
and performs next-token prediction with decoder-only Transformers, inherit-
ing the scaling behavior of large language models. A central design choice is
the token space. Many AR generators discretize images into compact visual to-
kens via vector-quantized (VQ) codebooks, where advances in tokenizers and
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discrete representations have substantially improved perceptual fidelity and en-
abled high-resolution synthesis [9,/14}29,/30,|33,37,40,/42]. Other AR formula-
tions explore masked prediction and training objectives |2,23]. With stronger
text priors and large-scale training, recent AR systems achieve competitive text-
conditioned generation [26}33},39,(45]. More recently, unified multimodal models
increasingly combine understanding and generation within a single decoder-only
backbone [4,21,47.[59]. Hybrid designs further couple token prediction with dif-
fusion/flow components to leverage complementary inductive biases [6,[50,/65].
In this work, we focus on VQ-based AR generators, where the fixed discrete
codebook provides exploitable geometric structure for token-level supervision.

2.2 RL for Image Generation

Reinforcement learning is increasingly used to align text-to-image models beyond
maximum-likelihood training. Preference-based objectives such as DPO [32] have
been adapted to image generation, including diffusion variants [25,43}/54] and
emerging AR counterparts |13]. More recently, GRPO [36] has also been widely
adopted in diffusion/flow [27,[53] and AR image generation [411{44156]. In diffu-
sion/flow settings, GRPO variants often improve efficiency by modifying solver
or rollout structure, e.g., branching rollouts, time-windowed updates, to re-
duce iterative denoising cost [15,[22,[24]|64]. For AR generators, recent work
primarily improves learning signal by altering what is optimized within a roll-
out. Reasoning-augmented approaches introduce explicit CoT-style intermedi-
ate structures, such as semantic planning and layout-level reasoning, and op-
timize both the reasoning process and the final image with RL signals [7,|18].
Token/step-focused approaches improve GRPO-style training by concentrating
updates on informative positions, for example by identifying critical tokens or
critical refinement steps, and by mitigating training instability such as conflicting
token gradients and undesirable entropy dynamics [28}57,/58]. These approaches
still apply ID-specific credit at sampled tokens. In contrast, we diffuse positive
credit over a codebook K-NN graph to graph-supported alternatives, improving
success-support coverage without additional rollouts.

2.3 Sample Efficiency in Policy Optimization

On-policy optimization for large generative models is often dominated by the
cost of collecting rollouts. Existing work improves sample efficiency by selecting,
reusing, or prioritizing informative prompts and trajectories [20,[38l/52}/60} (62!
63|, expanding exploration through branching or tree-structured rollouts [16,17],
or accelerating generation with speculative decoding [49|61]. Another direction
densifies feedback along sampled trajectories through purpose-designed reward
signals, such as token-, step-, or intermediate-level rewards [5,/16].

Our approach is complementary. Rather than modifying reward granularity,
changing which trajectories are explored, or accelerating their generation, GR-
GRPO retains the original sequence-level rewards and collected rollouts, but
densifies token-level supervision by diffusing positive evidence from sampled code
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Fig.2: GR-GRPO overview. Left: for each prompt, we sample G autoregressive
token sequences (length T'), decode images, and obtain trajectory-level advantages
from a reward model. Right-top (GRPO): token-level updates provide ID-specific
(one-hot) credit on sampled code IDs, leading to sparse supervision under small G.
Right-bottom (GR-GRPO): we densify positive credit from successful rollouts to
K-NN neighbors on a fixed codebook graph to form soft targets, and match them via
an auxiliary cross-entropy loss. This expands success-supported alternatives without
extra rollouts, keeping rollout cost o T' X G.

IDs to locally supported, unsampled alternatives. It can therefore be combined
with these efficiency techniques.

3 Method

3.1 Preliminary

Autoregressive text-to-image generation. Given a text prompt p, an autoregres-
sive policy 7y generates a discrete visual-token sequence z1.7 € {1,...,V} over
a fixed codebook of size V:

779(331:T |p) = Hﬂe(l“t | $<t,P)- (1)
t=1

The generated sequence is decoded into an image, which is then scored by a
reward model, producing sequence-level feedback R(x1.7,p) € R (e.g., a binary
success indicator or a continuous preference score).

Group Relative Policy Optimization (GRPO) with KL regularization. For each
prompt p, GRPO samples G rollouts {acgj)T § ~ Moy, (- | p) with rewards {RU)}
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and computes group-relative advantages, e.g.,

RYW —mean ({R®}¢ )

AW — 2
S ((RO]L) ”
The policy is updated by minimizing a clipped surrogate objective:
1 8.7 0
- _ . il ; J (9
EGRPO(G) = Ep E{l'(])}jc:f“”@om G Z Z mm(rt (9)A 7,
j=1t=1 (3)

clip(rt(j)(é'), 1—¢1+4 e)A(j))

)

where the token-level importance ratio is defined as

() o (xgj) 2% ’p)
re(0) = 0@ ) )
T0o1a (xt | x<t7p)
To prevent excessive policy deviation and stabilize training, GRPO incorporates
a KL-divergence penalty against a reference policy mp.f:

G T
1 . .
G 2> Dxemo(- |29 p) | mer(- | 29.9)) |-
j=1t=1
(5)

Token-level credit assignment is ID-specific. A key property of GRPO is the
shape of token-level credit induced by the softmax parameterization.

Ignoring clipping and the KL term for intuition, we analyze the unclipped
GRPO gradient through an equivalent per-step surrogate loss

(9960) = —AD logmg(2?) | 29, p), (6)

LxL(0) = Ep Er0046  omy

which matches the token-level policy-gradient structure of Eq. (3)). Let my(- |
a:(iz,p) = softmax(z;) with logits 2¢(7). Then
ot (6)
0z(1)
where [[-] is the indicator function. Therefore, the per-step logit update direction
induced by rollout j is proportional to

= A (mo(i | ), p) ~ Tli = =), (7)

Az (i) o AU)(H[i:g;gj)]—w@(umgg,p)), Vie{l,...,V}. (8

Consequently, when AU > 0 the sampled ID a:gj ) is pushed up, while all
non-sampled IDs are pushed down in proportion to their current probabili-
ties; when AU) < 0 the direction reverses. In either case, semantically adja-
cent IDs receive no direct positive credit unless they are also sampled, which
limits success-support coverage under small-group training and motivates our
graph-regularized credit densification.
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3.2 Bottleneck: Insufficient Success-Support Coverage in
Small-Group Regimes

The limitation above becomes particularly acute in VQ-based autoregressive
generation. Each token selects a codebook entry with an embedding; nearby em-
beddings often decode to visually similar content. Thus, token realizations are
non-unique: multiple embedding-space K-NN code IDs can be locally substi-
tutable with minimal perceptual change, as shown in Fig. [3]

However, GRPO assigns direct positive credit only to the sampled IDs in
successful trajectories. Under tight compute, small-G training yields only a few
observed success IDs per prompt and position, under-covering success-supported
alternatives. We quantify this gap via SuccessSetMass (Fig.[1} Sec.[4.3). While
increasing G improves coverage, it linearly amplifies rollout cost, motivating a
mechanism that expands success-support coverage without additional sampling.

3.3 Structure-Aware Positive Evidence: From Observed IDs to
Graph-Diffused Targets

Key idea. We treat each positive rollout as evidence for a set of locally substi-
tutable code IDs, and propagate this evidence over a fixed codebook graph to
obtain sparse soft targets—recovering large-G coverage under small-G rollouts.

To address insufficient success-support coverage (Sec. , we convert sparse
evidence from positive trajectories into graph-diffused soft targets. As illustrated
in Fig. 2] baseline GRPO updates only sampled IDs, whereas GR-GRPO diffuses
positive evidence to local alternatives on a fixed codebook K-NN graph with-
out additional rollouts. Concretely, we construct the targets through a sparse
pipeline: count — graph diffusion — support-restricted normalization.

(A) Positive evidence aggregation. For a prompt-specific group, let P C {1,...,G}
be the indices of positive rollouts. For discrete verifiers, P = {j | RY) = 1}; for
continuous rewards, P contains the top-50% rollouts within the group by reward.
At each position ¢, we form sparse counts ¢, € RY:

ct(i):ZH{x@ :z}, ief{l,...,V}. 9)

JjEP

We restrict diffusion to positive evidence; propagating negative evidence em-
pirically degrades performance (Sec. , likely because failure modes are het-
erogeneous and do not form a coherent local neighborhood in codebook space.

(B) Graph diffusion on the codebook K-NN graph. We approximate local token
substitutability using a fixed K-NN graph over the codebook embeddings by
cosine similarity. Let e; € R be the embedding of ID i and &; = e¢;/||ei|2-
For each ID i, let N'(i) be its top-K nearest neighbors (excluding 7). We define
diffusion weights

exp(cos(€&;, €;)) . .
ij = ) N(O), 0
g 2 ren(i) €xp(cos(&i, €r)) JEeN() (10)
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Fig. 3: Local substitutability of VQ tokens. Starting from successful GenEval roll-
outs, we replace a fraction p of tokens with either codebook K-NN neighbors (co-
sine similarity in codebook-embedding space) or random IDs. We report verifier suc-
cess retention (top) and CLIP feature distance to the original image (bottom), where
KNN-substituted(p) denotes K-NN substitution at token replacement ratio p.

so that ¢ v,y aij = 1. We diffuse observed ids to neighbors:

()= Y ela;-IjeN@],  je{l,....V} (11)

i:ce(1)>0

This diffusion can be implemented efficiently via neighbor lookup and accu-
mulation.

(C) Support-restricted normalization (graph-diffused target). Define the support

Uy = {i: (i) >0} U N{i: i) >0}), (12)

i.e., the observed IDs and their K-NN neighbors. An unnormalized mass on Uy:

o ci(i) + as & (i), i€ Uy,
= 13
() {O, otherwise. (13)
We then normalize over U; to obtain the soft target distribution:
4:(0) i€l (14)

Qt(i) = ma

We apply ¢:(i) only on prefixes of positive rollouts and restrict supervi-
sion to the sparse support U, with confidence-adaptive gating, mitigating over-
regularization across heterogeneous prefixes.

3.4 Auxiliary Objective and Confidence-Adaptive Gating

We use the above graph-diffused targets {¢:} as additional token-level super-
vision. Specifically, we introduce a cross-entropy graph-regularization loss that
aligns the policy distribution with ¢; on the sparse support U;.
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Graph-regularization loss. We apply targets at prefixes of positive rollouts:

Lar(d Zzgw CE (a1, mo(- | 29, p))

JEPt 1
LSS S aosm(51580). 5)
jEPt 1 €Uy

(J)

where g;”’ € [0,1]. If no positive rollouts are observed, P = () and Lgr = 0.

Gradient view (contrast to point-wise credit). Eq. shows that the GRPO
surrogate induces a point-wise credit shape with an implicit one-hot target I[i =

:zzgj )]. In contrast, Eq. replaces this one-hot target by the graph-diffused

distribution ¢; supported on U;. Treating g(j ) as a coefﬁcient the per-step
cross-entropy term yields the standard target-matching gradient w.r.t. logits:

aﬁGR (4) 29 0y ;
5 Zg( ) —a).  Vie{l..VL (16

where ¢;(i) = 0 for i ¢ U; by construction. Accordingly, under gradient descent
on Lgr, the logit update direction is

i) o 30 0 (ai) — moli | 22, 9)). a7

jeEP

which mirrors Eq. with I[i = xgj )] replaced by ¢;. Thus, Lggr pulls probability
mass toward a set-valued target over success-supported alternatives rather than
a single observed id, densifying token-level supervision.

Confidence-adaptive gating. We apply the auxiliary supervision with a confidence-
adaptive gate g(]) € (0,1). Let z,gj) be the logits for prefix (x(<]t), p) and define
the top-1/top-2 margin

mgj) =20 ~ %y (18)

where zt(J()l) = max; z,gj )( ) and z ( ) is the second-largest logit. A small margin
means the top candidates have comparable likelihood under softmax, so the
update induced by a single sampled ID is more brittle; in VQ codebooks, these
competing candidates are often locally substitutable, making neighborhood-level
supervision preferable. Conversely, a large margin indicates a stable dominant
choice, where strong diffusion would unnecessarily spread mass to neighbors and

over-smooth the update. We gate diffusion strength by

) B— m
g = a<7t , (19)

1 We stop gradients through g(] ) so that it acts as confidence-dependent reweighting.
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so that low-margin steps receive stronger graph-diffused supervision, whereas
high-margin steps suppress diffusion to mitigate over-smoothing. We use fixed
defaults (8,7) = (1,0.5) and report sensitivity in the appendix.

3.5 Overall Training Objective

Our final objective is defined as:
L(0) = Larro(0) + Ak Lir(0) + AcrLcr (). (20)

Lgr complements Lgrpo by encouraging probability mass on graph-diffused
success-supported alternatives, mitigating ID-specific credit sparsity under small-
group sampling. It incurs negligible overhead since it is computed on sparse
supports with precomputed codebook neighbors.

3.6 Difficulty-Aware Budget Allocation

We allocate rollouts with a difficulty-aware prompt-dependent schedule G(p).
Prompts are scored by the initial policy, bucketed by difficulty, and mapped to
bin-specific group sizes. This module is orthogonal to graph-diffused credit (it
only reallocates rollouts) yet complementary in practice; we enable it by default
and ablate its effect in Sec. [f.4] with details in the appendix.

4 Experiments

We evaluate GR-GRPO on two text-to-image alignment settings using the VQ-
based autoregressive backbone Janus-Pro [4]. (i) Compositional alignment
(GenEval) [12]: an official verifier provides a discrete success signal; we report
the official success rate (in [0, 1]) and use the verifier output as the training re-
ward. (ii) Preference/quality alignment (DrawBench) [34]: we train with
HPSv2.1 as a continuous reward [48] and evaluate on multiple pretrained pref-
erence and quality metrics including HPSv2.1 [48], DeQA [55|, PickScore [19),
ImageReward [51], Aesthetic score [35], and UnifiedReward [46].

4.1 Experimental Setup

We fine-tune Janus-Pro-1B/7B for 1600 steps on 8x NVIDIA H20 GPUs, using
a fixed reference model (initial Janus-Pro weights) for KL regularization with
Ak = 0.01. Following prior work [27,/58|, we train GenEval alignment on the
same 50K-prompt set and train DrawBench alignment on 15K prompts sampled
from the HPSv2 training dataset. GR-GRPO uses Agr = 0.05, K = 64, and
as = 0.5 with the confidence-adaptive gate in Sec. learning rates 3 x 1076
(GenEval) and 1 x 1076 (DrawBench), and a difficulty-aware prompt-dependent
group-size schedule (details in the appendix).
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Table 1: GenEval results. We place comparisons on the Janus-Pro backbone at the
top for clarity. Best and second best are highlighted in blue and green, respectively.

Method Overallt Sing Obj.t Two Obj.t Countingt Colort Positiont Color Attr.t
Janus-Pro backbone
Janus-Pro-1B |4 0.73 0.98 0.82 0.51 0.89 0.65 0.56
Janus-Pro-1B-+GRPO 0.84 1.00 0.95 0.59 0.84 0.88 0.77
GCPO-1B [58| 0.85 1.00 0.96 0.63 0.88 0.91 0.73
GR-GRPO-1B (Ours) 0.87 1.00 0.98 0.67 0.89 0.94 0.76
Janus-Pro-7B |4 0.80 0.99 0.89 0.59 0.90 0.79 0.66
Janus-Pro-7B+GRPO 0.87 0.99 0.92 0.71 0.94 0.92 0.73
GCPO-7TB [58] 0.90 0.99 0.95 0.90 0.90 0.95 0.76
STAGE 28| 0.89 0.99 0.95 0.82 0.90 0.89 0.79
GR-GRPO-7B (Ours) 0.92 1.00 0.97 0.91 0.92 0.96 0.74
Diffusion-based Methods
PixArt-a (3] 0.48 0.98 0.50 0.44 0.80 0.08 0.07
SDXL 31 0.55 0.98 0.74 0.39 0.85 0.15 0.23
SD3 8] 0.63 0.98 0.78 0.50 0.81 0.24 0.52
DALL-E 3 |1] 0.67 0.96 0.87 0.47 0.83 0.43 0.45
AR-based Methods
LlamaGen (37 0.32 0.71 0.34 0.21 0.58 0.07 0.04
Chameleon [39| 0.39 - - - - - -
Emu3 45 0.54 0.98 0.71 0.34 0.81 0.17 0.21
Show-o |50| 0.68 0.98 0.80 0.66 0.84 0.31 0.50
Transfusion |65] 0.63 - - - - -
Fluid |10 0.69 0.96 0.83 0.63 0.80 0.39 0.51
Infinity |14] 0.73 - 0.85 - - 0.49 0.57
AR-based Methods + RL
Show-o+PARM (13 0.69 0.97 0.75 0.60 0.83 0.54 0.53
T2I-R1 [18] 0.79 0.99 0.91 0.53 0.91 0.76 0.65
GoT-R1-7B [7| 0.75 0.99 0.94 0.50 0.90 0.46 0.68
AR-GRPO 56| 0.32 0.79 0.26 0.23 0.59 0.04 0.03
MaskFocus |57 0.76 1.00 0.91 0.85 0.87 0.42 0.54

4.2 Main Results

Tab. [1] reports same-backbone comparisons on Janus-Pro[)] GR-GRPO consis-
tently improves Janus-Pro across model scales and outperforms strong RL base-
lines. On Janus-Pro-1B, GR-GRPO raises the overall GenEval score from 0.73
to 0.87 (+0.14), surpassing Janus-Pro-1B-+GRPO (0.84) and GCPO-1B (0.85),
indicating improved compositional binding under limited sampling. On Janus-
Pro-7B, GR-GRPO achieves 0.92, improving over the pretrained Janus-Pro-7B
(0.80) and surpassing Janus-Pro-7B+GRPO (0.87), STAGE (0.89).

Tab. evaluates preference/quality alignment using multiple pretrained pref-
erence and quality metrics. GR-GRPO yields consistent improvements over the
Janus-Pro backbones and RL baselines under continuous-reward training.

Fig. [4] provides representative generations on GenEval and DrawBench for
the Janus-Pro-7B backbone. GR-GRPO produces more faithful attribute binding
and maintains stronger visual realism across diverse prompts.

2 We additionally evaluate on other AR backbones in the appendix
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Table 2: DrawBench results.

Method HPSv2.1T DeQA? PickScore? ImageReward! Aesthetict UniReward?
Janus-Pro-1B 4] 25.63 3.58 21.55 0.54 5.89 2.76
Janus-Pro-1B+GRPO 27.22 3.72 21.71 0.73 6.04 2.80
GCPO-1B [58] 27.18 3.71 21.72 0.71 6.05 2.82
GR-GRPO-1B (Ours) 27.55 3.76 21.73 0.74 6.06 2.85
Janus-Pro-7B 4] 26.74 3.61 22.06 0.87 5.90 3.02
Janus-Pro-7B-+GRPO 27.52 3.68 22.11 0.92 5.99 3.06
GCPO-7B [58] 26.84 3.59 22.04 0.84 5.87 3.01
STAGE |28 27.76 3.70 22.19 0.96 6.00 3.10
GR-GRPO-7B (Ours) 28.25 3.74 22.21 0.99 6.06 3.07

4.3 Analysis: Why Small-Group GRPO Underutilizes VQ
Redundancy

We present an evidence chain motivating GR-GRPO. (i) Increasing group size G
improves GenEval but sharply increases rollout runtime (Fig. , making large-G
training costly. (ii) The small-G performance gap is accompanied by insufficient
success-support coverage: SuccessSetMass increases with G (Fig. , indicat-
ing that larger groups expose a broader set of token realizations appearing in
positive rollouts. (iii) Crucially, this coverage deficit can be addressed struc-
turally under VQ tokenization: many viable alternatives concentrate in local
codebook neighborhoods, and K-NN substitutions preserve verifier success and
CLIP-based semantic fidelity far better than random replacement (Fig.[3). These
observations motivate propagating positive evidence on a fixed codebook graph
to improve coverage without additional rollouts.

(1) Compute—performance trade-off. We sweep G € {4,8,16,32,64} and report
GenEval success rate and rollout runtime. Larger groups improve performance
but increase sampling cost steeply (Fig. 7 motivating higher utility per rollout
in small-G regimes.

(2) Why larger G helps: success-support coverage (SuccessSetMass). We hy-
pothesize that larger G improves performance by expanding success-support
coverage, i.e., exposing a broader set of token realizations that appear in pos-
itive rollouts. Using the same definition as in Sec. [3.3] let P denote positive
rollouts (successful for discrete verifiers; top-50% by reward for continuous re-

wards) and S; = {x,gj) : j € P} We measure My = g, m9(v | 2<¢,p) and
report SuccessSetMass = + Zthl M;. As shown in Fig. (1} SuccessSetMass in-
creases with G, explaining the small-G gap and indicating that large-G training
covers more success-supported alternatives.

(8) Structural source of coverage: local substitutability in VQ tokenization. We
validate the structural premise behind coverage expansion in VQ-based AR mod-
els. Replacing a fraction of tokens with codebook K-NN neighbors preserves ver-
ifier success and CLIP-based semantic fidelity far better than random replace-
ment (Fig. , indicating that many success-supported alternatives concentrate
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Fig. 4: Qualitative comparisons. The left three columns are GenEval prompts (Count-
ing, Position, Color Attribute), and the right three columns are DrawBench prompts.
GR-GRPO better satisfies compositional constraints while preserving visual fidelity.

in local codebook neighborhoods. This supports propagating positive evidence
on the codebook graph as a principled mechanism to increase success-support
coverage without additional rollouts.

4.4 Ablation Study

All ablations are conducted on GenEval using Janus-Pro-1B.

Component ablation. Tab. [3] isolates the effects of graph regularization and
difficulty-aware budget allocation. Budget control alone has a marginal im-
pact on GRPO. In contrast, graph regularization yields a larger improvement
(0.84 — 0.86), with consistent gains on more compositional subsets such as
Two Obj., Counting, and Position. Notably, combining budget control with GR-
GRPO achieves the best overall score (0.87), suggesting that better rollout allo-
cation is most effective when paired with graph-diffused credit densification.

Hyperparameter sensitivity. Tab. [4] studies sensitivity to the neighborhood size
k, diffusion strength «, diffusion scope, and gating. We observe a trade-off in
k: too small neighborhoods under-cover valid alternatives, while overly large
neighborhoods introduce noise; K = 64 performs best among {32, 64,128}. Sim-
ilarly, an intermediate value for ay is necessary, as overly aggressive diffusion
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Table 3: Component ablation on GenEval using Janus-Pro-1B.

Method ‘OverallT Sing Obj.t Two Obj.T Countingt Colort Positiont Color Attr.t
GRPO 0.84 1.00 0.95 0.59 0.84 0.88 0.77
GRPO + Budget Control 0.84 1.00 0.96 0.60 0.84 0.88 0.76
GR-GRPO w/o Budget Control 0.86 0.99 0.96 0.64 0.88 0.90 0.77
GR-GRPO + Budget Control (Ours)| 0.87 1.00 0.98 0.67 0.89 0.94 0.76

Table 4: Sensitivity analyses on GenEval using Janus-Pro-1B.

Factor Setting ‘OverallT Sing Obj.t Two Obj.t Countingt Colort Positiont Color Attr.t
32 0.84 0.99 0.95 0.61 0.87 0.90 0.75
K (K-NN) 64 (Ours) 0.87 1.00 0.98 0.67 0.89 0.94 0.76
128 0.86 0.99 0.96 0.64 0.89 0.91 0.76
Gating g=1 0.83 0.99 0.93 0.62 0.86 0.86 0.75
e adaptive (Ours) 0.87 1.00 0.98 0.67 0.89 0.94 0.76
Diffusion scope pos-only (Ours) 0.87 1.00 0.98 0.67 0.89 0.94 0.76
sion scop pos+neg (Ours+negative)| 0.84 0.99 0.95 0.61 0.88 0.92 0.76
0.3 0.84 0.98 0.95 0.61 0.89 0.90 0.73
as (prop.) 0.5 (Ours) 0.87 1.00 0.98 0.67 0.89 0.94 0.76
0.7 0.84 1.00 0.96 0.57 0.90 0.89 0.72

tends to over-smooth the supervision signal and degrade compositional accu-
racy. Furthermore, propagating negative evidence (pos+neg) degrades perfor-
mance (0.87 — 0.84). Finally, the confidence-adaptive gate is critical: replacing
it with a constant gate g, = 1 substantially reduces performance (0.83 vs. 0.87),
supporting the need to modulate diffusion strength by policy confidence. Other
hyperparameter sensitivity are provided in the appendix.

5 Conclusion

We study RL alignment for VQ-based autoregressive image generation under
expensive rollouts. We find that in small-group regimes, GRPO-style updates
assign ID-specific token credit and under-cover the many success-supported yet
unsampled alternatives induced by VQ redundancy, yielding a compute—coverage
bottleneck that manifests as a compute-performance trade-off. To address this
without additional rollouts, we propose GR-GRPO, which turns sparse positive
evidence from positive rollouts into set-valued token supervision by diffusing it
on a fixed codebook-embedding K-NN graph to form graph-diffused soft targets
and regularizing the policy toward them; a confidence-adaptive gate suppresses
diffusion when the policy is already confident. Across Janus-Pro backbones, GR-
GRPO improves both GenEval (discrete verifier) and DrawBench (continuous
reward) and achieves a substantially better compute—performance trade-off than
increasing G alone, e.g., surpassing G=64 with ~ 4.6 less rollout time on Janus-
Pro-1B. Future work includes extending graph-based credit densification beyond
VQ codebooks by learning or defining neighborhood structure for continuous-
token AR generators and hybrid token—diffusion models.
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