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ABSTRACT

Unified Vision-Language Models (UVLMs) must perform both understanding
and generation within a single architecture, but these tasks rely on heterogeneous
data and supervision, making it difficult to balance them during reinforcement
learning (RL). We propose PairUni, a unified framework that reorganizes data
into understanding–generation (UG) pairs and aligns optimization accordingly.
We first use GPT-o3 to augment single-task data, generating captions for under-
standing samples and question-answer (QA) pairs for generation samples, forming
aligned pairs from the same instance. Additionally, for each generation sample,
we retrieve a semantically related understanding example to form a retrieved pair,
linking different but related data points. These paired structures expose cross-task
semantic correspondences and support consistent policy learning. To leverage this
structure, we present Pair-GPRO, a pair-aware variant based on Group Relative
Policy Optimization. It assigns a similarity score to each pair to modulate the
advantage, strengthening learning from well-aligned examples and reducing task
interference. We curate a high-quality dataset of 16K UG pairs named as PairUG
for RL fine-tuning and evaluate PairUni on the powerful Janus-Pro UVLMs. Our
approach achieves balanced improvements on various UVLMs, outperforming
strong UVLMs RL baselines. Code will be available.

1 INTRODUCTION

Unified vision–language models (UVLMs) have demonstrated strong performance in both multimodal
understanding and image generation across a variety of recent systems and backbones (Lu et al.,
2024; Chen et al., 2025a; Deng et al., 2025; Team, 2025). However, as evaluation steadily shifts
toward complex, multi-step reasoning—covering mathematics, science, and multi-hop visual question
answering—the goal of training a single system that balances these two capabilities under a unified
learning paradigm remains non-trivial (Li et al., 2023; Chen et al., 2024; Lu et al., 2023; Yue
et al., 2024). This challenge is particularly acute when using reinforcement learning (RL), since
understanding and generation are supervised with heterogeneous objectives and data formats, making
the optimization process highly sensitive to data batching and cross-task credit assignment.

This fundamental disparity has largely led to siloed advancements. For instance, text-to-image RL
has focused on improving object controllability and prompt adherence (Jiang et al., 2025a; Pan et al.,
2025), while visual reasoning improvements have separately targeted accuracy on benchmarks for
math or science. Consequently, attempts at unified RL encounter significant practical obstacles: (i)
task interference during joint optimization, where gains on one objective cause regressions on the
other (Jiang et al., 2025b); (ii) a broad and diverse understanding task space (e.g., math, charts, OCR)
that resists a single reward design; and (iii) limited guidance on how to select and align data for
unified RL at scale, constraining both stability and ceiling performance (Hong et al., 2025).

Prevailing GRPO-based strategies often sidestep the central issue by focusing on a single capability,
such as using understanding signals to improve generation quality (Jiang et al., 2025a), or by adopting
multi-stage schemes that alternate between tasks to find a fragile balance (Jiang et al., 2025b). While
effective to a degree, these methods do not directly tackle the core source of conflict: the lack of
data-level semantic alignment between understanding and generation supervision and the absence of
an optimization rule that respects this alignment. As a result, the shared policy is driven by competing
gradients from unrelated signals, leading to unstable updates and uneven performance gains across
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tasks. This optimization-level conflict is not merely theoretical; it is empirically measurable and
provides the direct motivation for our work.

A simple empirical regularity further motivates this study. When the data fed to understanding and gen-
eration are semantically aligned, the cosine similarity between their gradients, cos

(
∇θLU , ∇θLG

)
,

increases, and higher gradient agreement correlates with stronger downstream results on MMMU,
MMStar, and GenEval (Yue et al., 2024; Chen et al., 2024; Ghosh et al., 2023). In contrast, randomly
mixed or weakly matched samples reduce gradient agreement and hinder both objectives. This points
to a data–optimization mismatch in unified RL: understanding and generation rely on heterogeneous
supervision and data formats, and updating a shared policy without respecting semantic correspon-
dence drives the model in conflicting directions, particularly in Janus-style architectures with a shared
LLM (Chen et al., 2025b). The working hypothesis is that data alignment, rather than dataset size
alone, is a key lever for balancing objectives, and that credit assignment should reflect the strength of
that alignment.

We address this with PairUni, a unified RL framework that aligns the problem at both the data and
optimization levels. On the data side, we reorganize heterogeneous supervision into understand-
ing–generation (UG) pairs centered on the same or closely related images. Two complementary pair
types are constructed. Aligned pairs are formed by completing single-task samples into unified
quadruples, using GPT-o3 to add the missing caption or prompt for understanding data or to synthe-
size a question–answer pair for generation data, so that both objectives share the same instance. We
use clustering to select representative high-quality medoids from the unified quadruples. Retrieved
pairs link a generation sample to a semantically related understanding sample via similarity search
over image embeddings, which expands coverage when exact matches are scarce. This paired view
exposes cross-task correspondences, namely what to attend to for understanding and how to express
it for generation, on related content rather than on unrelated batches.

On the optimization side, we develop Pair-GRPO, a pair-aware variant of GRPO that modulates the
advantage by pair similarity. Aligned pairs receive full weight, and retrieved pairs are down-weighted
by their pair-similarity scores. This mechanism strengthens updates from high-quality supervision
and tempers weaker matches, which reduces cross-task interference while preserving GRPO stability
through the clipped objective and KL regularization. In effect, the policy update is made to respect
the semantic alignment already present in the data.

Figure 1: Performance Conflict Mechanism Analysis: Me-
dian gradient cosine similarity scores between understanding
and generation components, alongside benchmark perfor-
mance on two understanding benchmarks (MMMU (Yue
et al., 2024), MMStar (Chen et al., 2024)) and one image
generation benchmark (GenEval (Ghosh et al., 2023)). The
analysis encompasses six distinct data combination scenarios:
PairUG, Retrieval-based Pairs, Unpair data with low similar-
ity scores, pure Generation-only data, pure Understanding-
only data, and Random Pairs.

Our contributions are threefold. First,
we introduce PairUni, a unified frame-
work that reorganizes multimodal data
into UG pairs (aligned and retrieved)
and aligns optimization accordingly.
We propose Pair-GRPO, a pair-aware
GRPO variant that uses similarity
scoring to modulate advantages, en-
hancing learning from well-aligned
examples while mitigating task inter-
ference between understanding and
generation objectives. Second, we
create a high-quality dataset of 16k
PairUG for RL fine-tuning. Third, ex-
tensive experiments with Janus-Pro
UVLMs demonstrate that PairUni
achieves balanced improvements in
both understanding and generation
tasks, outperforming strong UVLMs
RL baselines. Additional studies
show transfer to a discrete diffusion
backbone (Lumina-DiMOO (Team,
2025)), indicating that the paired-data design and Pair-GRPO generalize across architectures and
training regimes. These findings support a simple conclusion: pairing the data and weighting the
advantage by pair-similarity is a general and effective ingredient for unified multimodal training,
which improves understanding and generation together rather than trading one for the other.
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Prompt

QA

Prompt: a photo of a sculpture

[GPT-o3] Question: Which area of the sculpture
presents the strongest interplay between polished
surfaces and deeply incised grooves?
A. The muscles beneath the chest
B. The cluster of laurel leaves encircling the hair
C. The cascading folds of the draped cloth
D. The rounded contour of the upper left arm
Answer: C

[GPT-o3] Prompt: right triangle on white, vertical
BC left, horizontal CA bottom, hypotenuse BA
slanted, sides labeled a, b, c, pink right-angle
marker at C.

Question: a=14, b=48, and c=50, find tanB
Answer: 3.44
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Figure 2: Data Pairing Pipeline. Left: examples of aligned quadruples from generation and
understanding tasks. Right: pairing strategy using retrieval and clustering.

2 METHOD

PairUni consists of two key components as shown in Figure 3: a data pairing pipeline (as shown
in Figure 2) to generate training pairs for unified models (Section 2.1) and a Pair-GRPO algorithm
(Section 2.2), which is specially designed for RL of understanding-generation pairs.

2.1 PARING UNDERSTANDING–GENERATION PAIRS

We aim to construct a unified paired dataset S = {(I, C,Q,A)}, where each data item supports
both generation and understanding capabilities within a single multimodal model. I is an image
input, C is a text prompt that describes or motivates the image (used in generation), Q is a visual
understanding question and A is the corresponding answer to Q. We build this paired dataset from
two distinct sources: 1) Understanding data U = {(I,Q,A)}, where the image is annotated with
comprehension questions; 2) Generation data G = {(I, C)}, where an image is paired with a
generative prompt. These two sources are inherently heterogeneous and rarely aligned. To unify
them, we design a data pipeline that constructs either aligned or retrieval-based pairs.

2.1.1 GENERATING ALIGNED PAIRS

Algorithm 1: Data Pairing Algorithm

1: Input: features Fu,Fg , clusters K, neighbors n
2: F←L2Norm(Fu∪Fg)
3: C←MiniBatchKMeans(F ,K)
4: for k = 1..K do
5: Ik←{i : assign(xi) = k}
6: i∗←argmaxi∈Ik ⟨fi, ck⟩
7: Daligned←Daligned ∪ {(xi∗ , yi∗)}
8: end for
9: F rem

u ←Fu\Daligned; F rem
g ←Fg\Daligned

10: for xg
i ∈ F

rem
g do

11: J ←top−n kNN(ϕg
i ,F

rem
u )

12: Dret←Dret ∪ {(xu
j , x

g
i ) : j∈J };

13: F rem
u ← F rem

u \ J , F rem
g ← F rem

g \ {xg
i }

14: end for
15: Output: Daligned ∪ Dret

Give U and G, we first augment each element
in the the original datasets to the desired quratu-
ples and then we design an algorithm to select
representative pairs to construct S.

Data augmentation For each understanding-
only sample (I,Q,A) ∈ U , we generate a
compatible generation prompt C using GPT-o3,
based on a template (as shown in Figure 11 in
the appendix) that highlights salient image fea-
tures. Similarly, for each generation-only sam-
ple (I, C) ∈ G, we generate a question–answer
pair (Q,A) using GPT-4o (as shown in Fig-
ure 10 in the appendix). Prompts are grouped
by question type (e.g., multiple-choice, open-
ended), and task-specific templates guide the
generation process. Examples and prompts are
provided in Appendix E. This yields a set of
aligned pairs, where all four fields (I, C,Q,A) originate from a single source instance. These pairs
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Figure 3: Framework of PairUni: A dual-component design integrating a data processing pipeline
and the GRPO reinforcement learning algorithm.

eliminate semantic drift between tasks and ensure that both reward signals are grounded in the same
visual context.

Data Selection Even after augmentation, many samples may be redundant or low-quality. To ensure
coverage and diversity, we adopt adopt a clustering-based strategy to identify representative aligned
pairs (Daligned) from these datasets as shown in the first part of Algorithm 1. First, we extract image
features using pretrained visual encoders, and then perform K-means clustering over the joint visual
feature space of U ∪ G. Second, for each cluster, we select the most central sample (i.e., the medoid)
as a canonical representation of that cluster’s content. This yields a curated set of self-referential
pairs where understanding and generation annotations coexist for the same image. These samples
are both semantically rich and geometrically representative of the data distribution, forming a strong
backbone for joint training.

2.1.2 CONSTRUCTING RETRIEVAL-BASED PAIRS

While aligned pairs are semantically precise, their quantity is limited. To scale supervision, we
introduce retrieval-based pairs Dret, where understanding and generation samples come from
different images but share visual similarity. The second part of Algorithm 1 shows the algorithm. The
main idea is to extract visually similar image pairs from two datasets to establish correspondences
between “understand” and “generate” data. First, cosine similarity is computed across all remaining
generation–understanding image pairs. For each generation image, we retrieve the top-n most similar
understanding images above a similarity threshold δ. A greedy matching algorithm is used to ensure
that each image is only used once. This retrieval mechanism exploits the fact that semantically similar
images often support related tasks, even if not identical. By leveraging these approximate matches,
the model can learn cross-instance generalization, which enhances its robustness and expands training
coverage.

Together, Daligned and Dret form the UG pair set S used for policy optimization. These two path-
ways provide complementary benefits: aligned pairs deliver precise, high-quality supervision, while
retrieval pairs enhance scale and semantic diversity, covering a wide spectrum of multimodal under-
standing and generation tasks.

2.2 PAIR-GPRO

This section describes: (1) vanilla GRPO with mixed tasks; (2) pairwise GRPO with UG-pairs; (3)
Pair-GPRO, which incorporates pair similarity into advantage weighting. Each step is designed to
better align understanding and generation, reduce conflict, and stabilize learning.

(1) Vanilla GRPO with mixed tasks. We form a batch B = {τi}Ni=1 of N trajectories, where each
trajectory τi is either an understanding or generation task. Each trajectory corresponds to output
tokens o1:T given a prompt/input q, under the current policy πθ and past policy πθold . For each token
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at timestep z, define the importance ratio

ρt(θ) =
πθ(oz | q, o<z)

πθold(oz | q, o<z)
.

We compute a scalar reward r per trajectory (rUnd if it is an understanding sample, rGen if generation).
Trajectories that share the same prompt q are grouped into sets of size G. Within each group, we
normalize the rewards by subtracting the group mean µr and dividing by the group standard deviation
σr, obtaining a group-relative advantage

Ât =
r − µr

σr
,

which is then applied to all tokens in that trajectory. The vanilla GRPO objective is then

Jvanilla(θ) = Eτ∼πθold

[
T∑

t=1

min
(
ρt(θ) Ât, clip(ρt(θ), 1− ε, 1 + ε) Ât

)]
− β DKL

(
πθ ∥ πold

)
,

where ε is the clipping threshold limiting how much the policy can change per token, and β is the
coefficient for a KL divergence term DKL(πθ∥πold), which prevents πθ from drifting too far from
πold. In default settings, we set β zero to emphasize the clipped term (Yu et al., 2025).

Reward Functions Our reward functions are tailored to the specific goals of understanding and
generation. For understanding tasks, typically formulated as multiple-choice question answering,
we use prediction accuracy as our reward, a standard metric that directly measures correctness:
rUnd = Acc(ypred, ytrue).

For generation tasks, we employ the HPSv2 reward model (Wu et al., 2023) to evaluate output quality.
HPSv2 is a fine-tuned CLIP model (Radford et al., 2021) that effectively scores the alignment of
generated content with human aesthetic preferences, showing strong performance in prior work (Jiang
et al., 2025a; Liu et al., 2025b). The reward is given by:rGen = RHPSv2(x, ygen), where x is the input
prompt and ygen is the corresponding generated image.

(2) Pairwise GRPO with UG data pairs. To reduce conflict between understanding and generation
tasks, we reorganize training around a set of paired training examples P = {p}Mp=1. Each pair
p consists of two datapoints: one generation example and one understanding example that are
semantically aligned. This pairing is defined at the data level, not at the trajectory level: each data
item in the pair can produce multiple trajectories through sampling.

For each paired datapoint p, we generate a set of trajectories {τ (u)p,k }
Ku

k=1 for the understanding side,

and {τ (g)p,k}
Kg

k=1 for the generation side. These trajectories are grouped by task type and prompt to

compute group-relative advantages. Specifically, we calculate Â
(u)
t and Â

(g)
t as the normalized

reward within the respective task-type group, using GRPO’s group-based normalization.

The pairwise GRPO objective is then defined as:

max
θ

Ep∼P

[ ∑
τ∈{τ(u)

p }

∑
t∈τ

min
(
ρt Â

(u)
t , clip(ρt, 1− ε, 1 + ε) Â

(u)
t

)
+

∑
τ∈{τ(g)

p }

∑
t∈τ

min
(
ρt Â

(g)
t , clip(ρt, 1− ε, 1 + ε) Â

(g)
t

)]
.

(1)

This formulation ensures that policy gradients from understanding and generation are derived from
semantically related training examples, even though multiple trajectories may be sampled per side.
This pairing encourages more consistent policy updates across tasks.

(3) Pair-GPRO: similarity-weighted advantage. To further align training strength with semantic
similarity, we introduce a pair-level similarity score sp ∈ [0, 1] for each data pair p, computed via a
pretrained image encoder. Based on this, we assign a pair weight wp:

wp =

{
1, if p is an aligned pair (same instance),
√
sp, if p is a retrieved pair (cross-instance),

(2)
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and apply this weight to all advantages computed from trajectories originating from the pair:

Ã
(u)
t = wp Â

(u)
t , Ã

(g)
t = wp Â

(g)
t .

We use the square root to amplify the relative differences between similarity scores, as all selected
pairs are drawn from a high-similarity candidate pool. The full PairGPRO objective becomes:

max
θ

Ep∼P

[ ∑
τ∈{τ(u)

p }

∑
t∈τ

min
(
ρt Ã

(u)
t , clip(ρt, 1− ε, 1 + ε) Ã

(u)
t

)
+

∑
τ∈{τ(g)

p }

∑
t∈τ

min
(
ρt Ã

(g)
t , clip(ρt, 1− ε, 1 + ε) Ã

(g)
t

)]
.

(3)

This design modulates the trajectory-level credit assignment based on the quality of semantic pairing,
strengthening updates from well-aligned pairs (aligned: wp = 1) while attenuating noisy or weakly
aligned ones (retrieved: wp =

√
sp). As a result, PairGPRO retains the stability of GRPO while

better aligning cross-task gradients with semantic structure in the data.

3 EXPERIMENTS

3.1 EXPERIMENT SETTINGS

Training We adopt Janus-Pro (Chen et al., 2025b) as a primary baseline because it is widely used
as a comparator for unified multimodal understanding and generation and exhibits competitive
performance. All experiments are conducted on 8× H100 GPUs. For the 7B model, we use a rollout
size of 4 for both text and image generation and train for at most 1200 steps. The per-device batch
size is 2 (global batch size 16). We set the classifier-free guidance (CFG) weight to 5, β = 0, the
learning rate to 1× 10−6, and the sampling temperature to 1.0. For the 1B model, the rollout size for
both modalities is increased to 8. All the visual features are extracted using a ResNet50 encoder1

by removing the classification head (Koonce, 2021) and L2-normalized. We use the Orsta data (Ma
et al., 2025)2 as the understanding data U , which contains about 47K samples, and the BLIP3o
data (Chen et al., 2025a)3 as the generation dataset G, which contains about 60K samples. We exclude
the original detection and grounding QA pairs from Orsta since Janus-Pro fails on these tasks. The
similarity threshold is 0.6. Our constructed PairUG dataset consists of 16,320 samples: including
4,971 aligned pairs and 11,349 retrieval-based pairs. The similarity score of each pair is provided.

Evaluation To comprehensively evaluate both multimodal understanding and generation capabilities,
we adopt a range of established benchmarks. For understanding, MME Perception probes basic
perceptual reasoning via binary (yes/no) questions; POPE (Li et al., 2023) quantifies sensitivity to
hallucinations through fine-grained visual grounding; MMStar (Chen et al., 2024) comprises multiple-
choice questions that assess visual reasoning across diverse scenarios; and MMMU (Yue et al., 2024)
offers a challenging suite spanning subjects such as mathematics and chemistry, requiring models
to integrate information from multiple images and reason over complex semantics. For generation,
we evaluate on GenEval (Ghosh et al., 2023), which assesses visual fidelity along dimensions such
as object count, color consistency, and spatial arrangement, and Wise (Niu et al., 2025), which
emphasizes knowledge-grounded image synthesis by evaluating the model’s ability to generate
semantically coherent and factually plausible visual content grounded in real-world knowledge.

3.2 MAIN RESULTS

Multimodal Understanding. Table 1 summarizes the performance of various models on four
representative multimodal understanding benchmarks. On the broad-coverage MMMU benchmark,
which stresses general visual reasoning across science, math, and commonsense, PairUni delivers
clear gains among unified models: at the 1B scale it attains 40.4 (vs. Janus-Pro-1B: 36.3; ULM-R1†:

1https://docs.pytorch.org/vision/main/models/generated/torchvision.models.resnet50.html
2https://huggingface.co/datasets/One-RL-to-See-Them-All/Orsta-Data-47k
3https://huggingface.co/datasets/BLIP3o/BLIP3o-60k
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Table 1: Main Results on multimodal understanding benchmarks. The PairUni method achieves
the best performance across tasks and model sizes. The model displayed by ULM − R1† reports
results after training with UnifiedRL.

Model LLM MMMU MMStar MME(P) POPE

Understanding Only
InternVL3 (Zhu et al., 2025) Qwen2.5-1.5B (Bai et al., 2025) 48.6 60.7 - 89.6
Qwen2.5-VL (Bai et al., 2025) Qwen2.5-3B 51.2 56.3 - 85.9
LMM-R1 (Peng et al., 2025) Qwen2.5-3B - 58.0 - -

Unified Understanding and Generation
Show-o(Xie et al., 2024) Phi-1.3B (Gunasekar et al., 2023) 26.7 - - 80.0
HermesFlow (Yang et al., 2025b) Phi-1.3B 28.3 - - 81.4
Janus-Pro-1B (Chen et al., 2025b) DeepSeek-LLM-1.5B (DeepSeek-AI, 2025) 36.3 - 1444.0 86.2
ULM −R1† (Jiang et al., 2025b) DeepSeek-LLM-1.5B 40.3 - - -
PairUni-1B DeepSeek-LLM-1.5B 40.4 46.4 1483.2 86.4
Orthus (Kou et al., 2025) Chameleon-7B (Team, 2024) 28.2 - 1265.8 79.6
VILA-U (Wu et al., 2025) LLaMA-2-7B (Touvron et al., 2023) - - - 85.8
UniToken (Jiao et al., 2025) Chameleon-7B 32.8 46.1 - -
Janus-Pro-7B (Chen et al., 2025b) DeepSeek-LLM-7B 41.1 46.5 1567.1 87.4
DSR (Hong et al., 2025) DeepSeek-LLM-7B 41.1 - - 86.6
PairUni-7B DeepSeek-LLM-7B 47.0 49.5 1597.7 88.0

Figure 4: Case Study: The generated image of Janus-Pro-7B and PairUni

40.3), and at the 7B scale it reaches 47.0, outperforming prior unified baselines such as Janus-Pro-7B
(41.1) and UniToken (32.8). Beyond MMMU, PairUni also improves MMStar and MME: at 7B, it
moves MMStar from 46.5 to 49.5 and MME from 1567.1 to 1597.7, while maintaining competitive
POPE (88.0 vs. 87.4), showing gains in both perception-heavy and knowledge-heavy tasks. At the
1B scale, PairUni achieves 46.4 on MMStar and 1483.2 on MME with stable POPE (86.4), indicating
that the data pairing and Pair-GPRO optimization are effective even under tight capacity budgets. The
consistent improvements of PairUni suggest that PairUni strengthen unified visual reasoning without
sacrificing perception robustness.

Text-to-Image Generation. We evaluate text-to-image generation on the WISE (Niu et al., 2025)
and Geneval (Ghosh et al., 2023) benchmarks. On WiSE, as shown in Table 2, PairUni sets the best
overall scores among unified models at both scales: 0.38 (1B) and 0.45 (7B). At 1B, it improves
over Janus-1B (0.23) and ULM-R1 (0.33), and at 7B it surpasses Janus-Pro-7B (0.35) and Emu3
(0.39), effectively narrowing the gap with generate-only models. ULM-R1 (Jiang et al., 2025b) is
not open-sourced, so we report its numbers only after Unified-RL and Refined-RL training with
approximately 40k samples. Subtask-wise, PairUni notably strengthens Space (0.56 at 1B; 0.62 at
7B) and Physics (0.44 at 1B; 0.55 at 7B), indicating better geographic and physical commonsense
grounding. On GenEval (Table 3), PairUni exhibits strong compositional generalization at both
scales. At 1B, PairUni-1B attains the best overall score (0.79), surpassing Janus-Pro-1B (0.73) and
ULM-R1 (0.76). At 7B, PairUni-7B reaches 0.85, outperforming Janus-Pro-7B (0.79) and DSR
(0.84), the latter showing comparatively weaker understanding and a notably underperforming 1B
variant. Although Janus-Pro-R1 slightly exceeds PairUni-7B by one point (0.86), its understanding
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Table 2: Results on WISE. PairUni achieves the highest overall score, with particularly outstanding
performance in the space and physics subtasks.

Model Cultural↑ Time↑ Space↑ Biology↑ Physics↑ Chemistry↑ Overall
Generating Only
PixArt-α (Chen et al., 2023) 0.45 0.50 0.48 0.49 0.56 0.34 0.47
playground-v2.5 (Li et al., 2024) 0.49 0.58 0.55 0.43 0.48 0.33 0.49
SD-v1-5 (Rombach et al., 2022) 0.34 0.35 0.32 0.28 0.29 0.21 0.32
SD-XL-base-0.9 (Podell et al., 2023) 0.43 0.48 0.47 0.44 0.45 0.27 0.43
FLUX.1-dev (Labs et al., 2025) 0.48 0.58 0.62 0.42 0.51 0.35 0.50
Unified Understanding and Generation
VILA-U (Wu et al., 2025) 0.26 0.33 0.37 0.35 0.39 0.23 0.31
Janus-1B (Chen et al., 2025b) 0.16 0.26 0.35 0.28 0.30 0.14 0.23
ULM− R1† (Jiang et al., 2025b) - - - - - - 0.33
PairUni-1B 0.31 0.39 0.56 0.38 0.44 0.22 0.38
Emu3 (Wang et al., 2024b) 0.34 0.45 0.48 0.41 0.45 0.27 0.39
Janus-Pro-7B (Chen et al., 2025b) 0.30 0.37 0.49 0.36 0.42 0.26 0.35
PairUni-7B 0.36 0.46 0.62 0.42 0.55 0.29 0.45

Table 3: Results on GenEval. PairUni achieves the top result among 1B-scale models, and in the
7B-scale category, it demonstrates competitive performances.

Method Single Obj. Two Obj. Counting Colors Position Color Attri. Overall
Generating Only
PixArt-α (Chen et al., 2023) 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SDXL (Podell et al., 2023) 0.98 0.74 0.39 0.85 0.15 0.23 0.55
DALL-E 3 (Pooja et al.) 0.96 0.87 0.47 0.83 0.43 0.45 0.67
Unified Understanding and Generation
SEED-X (Ge et al., 2024) 0.97 0.58 0.26 0.80 0.19 0.14 0.49
Show-o (Xie et al., 2024) 0.95 0.52 0.49 0.82 0.11 0.28 0.53
ILLUME (Wang et al., 2024a) 0.99 0.86 0.45 0.71 0.39 0.28 0.61
HermersFlow (Yang et al., 2025b) 0.97 0.67 0.65 0.77 0.28 0.42 0.61
UniRL (Mao et al., 2025) 0.95 0.74 0.27 0.81 0.62 0.52 0.65
Janus-Pro-1B (Chen et al., 2025b) 0.99 0.82 0.48 0.90 0.62 0.57 0.73
ULM-R1 (Jiang et al., 2025b) - - - - - - 0.76
Janus-Pro-R1 (Pan et al., 2025) 0.98 0.80 0.51 0.84 0.59 0.55 0.71
PairUni-1B 0.98 0.91 0.44 0.75 0.95 0.69 0.79
Chameleon (Team, 2024) – – – – – – 0.39
D-DiT (Li et al., 2025) 0.97 0.80 0.54 0.76 0.32 0.50 0.65
LWM (Liu et al., 2025a) 0.93 0.41 0.46 0.79 0.09 0.15 0.47
Transfusion (Zhou et al., 2025) – – – – – – 0.63
TokenFlow-XL (Qu et al., 2025) 0.95 0.60 0.41 0.81 0.16 0.24 0.55
Janus-Pro-7B (Chen et al., 2025b) 0.97 0.88 0.57 0.90 0.77 0.64 0.79
DSR (Hong et al., 2025) – – – – – – 0.84
Janus-Pro-R1 (Pan et al., 2025) 0.99 0.94 0.66 0.92 0.87 0.78 0.86
PairUni-7B 0.97 0.75 0.78 0.97 0.91 0.69 0.85

results and WISE scores are not reported. These gains align with our improvements on WISE and
suggest that Pair-GPRO better enforces constraint following and object–attribute binding.

Taken together with the understanding results, these generation benchmarks indicate that PairUni
improves both sides of the unified objective: it raises reasoning-heavy understanding performance
while strengthening generation fidelity and knowledge. By contrast, understanding-focused baselines
(e.g., InternVL3, Qwen2.5-VL) show strong comprehension but are not evaluated for generation; some
unified baselines with competitive generation (e.g., DSR at 7B) exhibit weaker understanding; and
diffusion-only generators (e.g., FLUX.1-dev) perform well on WISE yet offer limited understanding
capability. By coupling paired data with Pair-GPRO, PairUni delivers balanced, cross-task gains
without sacrificing either modality; qualitative cases in Figure 4 illustrate improved adherence to
textual constraints and tighter semantic alignment.

3.3 ABLATION STUDIES

Effect of Data Pairing. Across the different pairing pipelines in Table 4, we can observe three trends
using Janus-Pro-1B. First, single–source training (either understanding–only or generation–only)
yields specialization but not balance: models inherit strengths from their source (MMMU/MMStar or
GenEval) while lagging on the complementary objective. Second, naive mixtures are insufficient:
unpaired and random pairing under the same budget depress generative fidelity (e.g., 0.71–0.73 on
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Table 4: Ablation Study of Pairing Algorithm

Model MMMU MMStar GenEval
Pairs from U only 38.2 43.7 0.75
Pairs from G only 36.4 41.9 0.74
Unpair 38.4 44.4 0.71
Random Pair 38.4 44.3 0.73
Aligned-based Pairs 39.2 44.6 0.76
Retrieval-based Pairs 40.1 44.9 0.77
PairUG (7.5K) 39.6 43.7 0.76
PairUG (16k) 40.4 46.1 0.79

Table 5: Trajectory-level credit assignment.

Model MME(P) MMMU MMStar GenEval
PairUni-1B w/o sim 1469.87 40.0 45.1 0.79
PairUni-1B 1483.18 40.4 46.1 0.79
PairUni-7B w/o sim 1554.91 47.0 47.7 0.85
PairUni-7B 1597.71 47.0 49.5 0.85

Table 6: Lumina-DiMOO performance

Model MMMU MMStar GenEval
Lumina-DiMOO (Team, 2025) 58.6 52.4 0.88
Lumina-DiMOO w PairUni 61.3 52.6 0.89

GenEval), indicating that gradients from semantically unrelated samples behave like low–advantage
noise. Figure 5 shows that compared to random pairs, our PairUG dataset leads to more stable training
dynamics. Third, pair–aware supervision matters: aligned–based pairs outperform random pairing,
and retrieval–based pairs are effective for both understanding and generation tasks.

Our proposed PAIRUG combines both pair types and scales effectively. At 7.5K examples (U≃3.5K,
G≃4.0K, ∼761 aligned pairs), PAIRUG (7.5K) already matches or exceeds aligned–only training
on understanding while preserving GenEval (0.76). Scaling the paired set to 16K (4,971 aligned
+ 11,349 retrieval pairs) delivers the best overall results across MMMU, MMStar, and GenEval.
These findings support our central claim: properly aligned supervision (aligned and high–similarity
retrieved pairs), rather than siloed or noisy mixtures, is essential for a unified model that improves
both understanding and generation. Given the monotonic gains from 7.5K to 16K, we expect further
improvements with larger, quality–controlled paired corpora.

Figure 5: Training rewards of
PairUG and random pairs.

Effect of Similarity-based Advantage Adjustment. Table 5
isolates the effect of similarity weighting in Pair-GPRO. At
the 1B scale, adding pair similarity to the advantage compu-
tation yields consistent gains on understanding-heavy metrics
while leaving generation quality unchanged: MME(P) rises
from 1469.87 to 1483.18 (+13.31) and MMStar from 45.1 to
46.1 (+1.0), with GenEval fixed at 0.79. At 7B, we observe a
similar pattern: MME(P) improves from 1554.91 to 1597.71
(+42.80) and MMStar from 47.7 to 49.5 (+1.8), while GenEval
remains 0.85 and MMMU holds at 47.0. These trends are con-
sistent with the intended role of similarity weighting. Without
it, aligned and retrieved pairs contribute equally, so updates
from weakly matched pairs can dilute task-specific signals and increase cross-task interference.
Weighting the advantage by pair similarity amplifies well-matched supervision and attenuates noisier
pairs, yielding measurable gains precisely on the metrics most sensitive to grounding and instruction-
following (MME(P) and MMStar) while avoiding regressions in generation fidelity (GenEval) and
preserving broad reasoning (MMMU). In short, similarity-aware credit assignment provides a simple,
robust mechanism to trade up understanding quality without paying a cost on generation.

Evaluation beyond autoregressive transformers. To assess architectural generality beyond autore-
gressive transformers, we evaluate PairUni on Lumina-DiMOO, a discrete diffusion model with the
state-of-the-art results on unified tasks (Table 6). Applying PairUni yields consistent improvements:
MMMU increases from 58.6 to 61.3 (+2.7), MMStar from 52.4 to 52.6 (+0.2), and GenEval from 0.88
to 0.89 (+0.01). These results indicate that pairing-based data construction and Pair-GPRO enhance
both understanding and generation under a markedly different generative mechanism, supporting
applicability across model families.

4 CONCLUSION

This paper introduces PairUni, a reinforcement learning framework for UVLMs that aligns under-
standing and generation via paired training signals, and PairUG, a curated dataset of understand-
ing–generation pairs that supports consistent policy learning. On standard UVLMs evaluations with
Janus-Pro backbones, our approach achieves strong, balanced improvements in both understanding
and generation, surpassing competitive RL baselines.
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Overview. Appendix A covers related work on UVLMs and the RL methods used in UVLMs.
Appendix B reports additional training results, including further model results and systematic ablation
studies of the image extractor. Appendix C provides data-centric details, including summary statistics
of the original data distribution, representative cases of retrieved pairs, and the empirical distribution
of PairUG. Appendix D presents qualitative case studies on understanding tasks. Appendix E includes
the prompts used by GPT-o3. The closing sections include notes on the use of large language models.

A RELATED WORK

Unified Vision-Language Model. The pursuit of unified multimodal frameworks has led to significant
innovations in both architecture design and training paradigms. Early approaches (Xie et al., 2024;
Team, 2024) like Show-o series (Xie et al., 2024; 2025) establish the autoregressive foundations for
joint vision-language processing. Meanwhile, Transfusion (Zhou et al., 2025) introduces diffusion-
based methodologies to enhance generation quality. These foundational works, as systematically
analyzed in (Zhang et al., 2025), demonstrate the potential of unifying modalities through shared
representation learning. Recent advances have pushed the boundaries of unified modeling (Deng et al.,
2025; Chen et al., 2025b). For example, Janus-Pro (Chen et al., 2025b) innovatively uses bidirectional
encoder-decoder structures for understanding and generation, achieving stronger performance on
both sides. Bagel (Deng et al., 2025) adopts transformer experts and is trained with massive image
generation and understanding data, leading to the state-of-the-art performance. This architectural
evolution aligns with the broader trend of developing modular yet integrated systems that can
dynamically adapt to different modalities. In this context, our work enhances UVLMs post-training,
in particular, during the reinforcement learning phase. We present a novel view of pair data generation
and utilization of such pair data with proposed Pair-GRPO.

Reinforcement Learning in UVLMs. The integration of reinforcement learning (RL) has emerged
as a critical component for advancing unified MLLMs during the post-training. Early RL applications
focused on modality-specific enhancements: step-by-step rule-based rewards for mathematical
reasoning (Shao et al., 2024), and bbox IoU rewards for visual grounding (Jiang et al., 2025a). For
text-to-image generation, CLIP-based rewards (Radford et al., 2021) became standard for aligning
visual outputs with textual descriptions. The paradigm shifted with unified RL approaches that
exploit cross-modal synergies. T2I-R1 (Jiang et al., 2025a) pioneered iterative refinement through
GRPO (Shao et al., 2024), using detailed descriptions as intermediate rewards. Recently, several
works also explore the RL-based post-training for UVLMs. In particular, UniRL (Mao et al., 2025)
proposed a self-improving pipeline where generated QA pairs simultaneously serve as training
data and reward signals, though this approach showed performance degradation in understanding
benchmarks. More sophisticated reward mechanisms have since been developed. DSR (Hong et al.,
2025) introduced dual-source rewards combining original image-caption pairs with generated content,
while HermesFlow (Yang et al., 2025b) implemented Pair DPO (Rafailov et al., 2024) to enforce
consistency between modalities. Notably, CoRL (Jiang et al., 2025b) adopts a two-stage approach,
first training unified RL on shared data before specializing in understanding/generation phases,
demonstrating improved performance across multiple benchmarks. Different from these methods,
which all focus on unified RL method design, our work provides a new view on understanding
data and generation data. We propose to build the UG pairs to benefit both tasks. With proposed
Pair-GRPO along with UG pairs, our work improves various UVLMs.

B MORE TRAINING SETTING

B.1 RESULTS ON MORE MODELS

As shown in Table 7, to assess the generalizability of our data and training method, we instantiate the
Pair-GRPO framework on Lumina-DiMOO (Team, 2025). Unlike Janus-Pro (Chen et al., 2025b),
Lumina-DiMOO is a multimodal discrete diffusion model (Yang et al., 2025a). To enable parallel RL
training for both understanding and generation, we set the rollout size to 2 and adopt a fixed-step
diffusion sampling scheme: we use 2 diffusion steps for text generation and 35 steps for image
generation. We build upon the diffusion Large Language Model (dLLM) (Nie et al., 2025) and its
Proximal Policy Optimization (PPO) (Wang et al., 2025) implementation, extending the framework
to a multimodal dLLM and adding an implementation of the GPRO algorithm for policy optimization.
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Table 7: More models. SFT experiments on BAGEL and PairUni method on Lumina-DiMOO using
PairUG data

Model MME(P) MMMU MMStar POPE GenEval
Lumina-DiMOO 1534.2 58.6 52.4 87.4 0.88
Lumina-DiMOO (Team, 2025) w PairUni 1551.8 61.3 52.6 87.5 0.89
BAGEL 1687.0 55.3/52.8∗ - 87.4∗ 0.82/0.78∗
BAGEL (Deng et al., 2025) + SFT 1642.0 53.7 - 87.7 0.79

∗ Results obtained from the publicly released checkpoint rather than the original reported numbers.

Because Lumina-DiMOO has not released its paper nor the official training and evaluation code, this
integration is preliminary and may benefit from further refinement. In the current implementation,
PairUni improves both the model’s comprehension and generation capabilities.

BAGEL (Deng et al., 2025) is a strong UVLM that integrates both understanding and generation
components with flow-based image generation and auto-regressive text-generation architectures.
Since Bagel does not support RL training in default settings, we employ the PairUG dataset for
supervised fine-tuning (SFT) on BAGEL. The SFT model yields consistent improvements on the
POPE benchmark. While the scores on MMMU and GenEval do not surpass those of the original
publication, our model still outperforms the public checkpoint baseline denoted as ∗ in Table 7,
improving the MMMU score from 52.8 to 53.7 (+0.9) and the GenEval score from 0.78 to 0.79 (+0.1).
The sole performance degradation occurred on the MME(P) benchmark, a result we attribute to a
reduced effective token capacity during SFT with the PairUG dataset.

B.2 RESULTS ON DIFFERENT IMAGE EXTRACTOR.

Table 8: Ablation study. Different image features extractor.

Model MMMU MMStar GenEval
PE (Bolya et al., 2025) 40.1 45.5 0.77
DINOv3 (Siméoni et al., 2025) 40.4 46.0 0.79
ResNet (Koonce, 2021) 40.4 46.1 0.79

We evaluate three alternatives for the image feature extractor: the Perception Encoder (PE) (Bolya
et al., 2025), DINOv3 (Siméoni et al., 2025), and ResNet (Koonce, 2021). The PE is designed for
high-level semantic understanding, yet it underperforms on both the understanding and generation
benchmarks (Table 8). In contrast, DINOv3 and ResNet—both emphasizing visual feature similarity—
achieve comparable results. These findings indicate that, in our setting, enforcing consistency with
respect to visual similarity is more critical than modeling semantic abstraction.

C MORE DETAILS ABOUT DATA

C.1 DATA DISTRIBUTION OF UNDERSTANDING AND GENERATION DATA

We curate two complementary splits covering multimodal understanding and image generation. For
understanding, we adopt Orsta-47k (Ma et al., 2025), a high-quality and diverse set that spans chart
analysis, counting, object detection, grounding, mathematical reasoning, OCR, puzzles, and scientific
reasoning. For image generation, BLIP-3o-60k (Chen et al., 2025a) comprises curated AI-generated
images paired with detailed textual descriptions, including single- and dual-object scenes as well
as text-containing visuals. We deduplicate and ensure there is no overlap with the data used during
pretraining.

To characterize their composition, we apply unsupervised clustering over the union of the two splits
and examine cluster proportions (Figure 6). The two distributions exhibit pronounced divergence:
categories prevalent in understanding data—such as math- or OCR-intensive items—are rare in
the generation split, whereas descriptive object-centric scenes are comparatively overrepresented in
generation.
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Figure 6: Distributional comparison between multimodal understanding and image generation data.

C.2 RETRIEVED PAIRS CASES

Figure 7 presents representative retrieved examples.

Figure 7: Representative paired cases for understanding and generation.

C.3 DISTRIBUTION OF PAIRUG

Figure 8 summarizes the composition of PairUG. We construct two complementary splits: Aligned
Pairs and Retrieved Pairs. For the Aligned Pairs, the data originate from two sources: generation
(3,043 examples) and understanding (1,928 examples). The class distribution is long-tailed: the head
classes—such as Math (646), Human Gestures (602), and Puzzle (402)—account for a substantial
portion of the data, while several categories (e.g., object count with 65 instances) appear infrequently.
This split provides high-quality supervision across 17 labeled categories. The Retrieved Pairs display
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Figure 8: Distribution of PairUG. From left to right: (1) source breakdown for Aligned Pairs; (2) class
distribution for Aligned Pairs; (3) class distribution for Retrieved Pairs; (4) similarity distribution for
Retrieved Pairs.

a different profile. The largest classes are JourneyDB (2,476) and GenEval (1,787), followed by
Human Gestures (1,387), Object1 (1,232), Text2 (1,193), Text1 (992), Mscoco Human (857), and
Occupation2 (708), with smaller categories such as Object2 (252) and Occupation1 (238). The
similarity histogram is unimodal with most pairs in the 0.55–0.75 range, indicating that retrieval
yields semantically related pairs while retaining diversity.

D CASE STUDIES ON UNDERSTANDING TASKS

question: What is the dominant
feature in the image?
A.The bridge
B.The lake
C.The city skyline
D.The buildings
ground turth: D

Janus-Pro-7B:
<think> The image prominently features a tall, modern building with a
unique design, which stands out against the backdrop of other
buildings and a bridge. The city skyline is the most dominant feature,
as it occupies a significant portion of the image and is the primary
focus of the scene. The lake and the bridge are secondary elements
that complement the cityscape, but the buildings are the most visually
striking and central to the image. </think>
<answer>C</answer>

Ours:
<think> The image prominently features a tall, uniquely designed
building in the center, which stands out against the backdrop of other
buildings and a bridge. The lake in the foreground reflects the
structures, adding to the visual appeal. The bridge and surrounding
buildings are secondary elements, but they contribute to the overall
urban landscape. </think><answer>D</answer>

question: What kind of
environment is depicted in the
image?
A.A historical site
B.A religious location
C.A residential area
D.A garden
ground turth: A

Janus-Pro-7B:
<think> The image shows a mural with a naturalistic theme, featuring
elements such as a river, plants, and a bird. The presence of a river
and natural surroundings suggests an outdoor environment. The
mural's style and content do not indicate a historical site, religious
location, or residential area. Instead, it appears to be a garden or an
outdoor space designed for aesthetic purposes. </think>
<answer>D</answer>

Ours:
<think> The image shows a mural with figures that appear to be
indigenous people, possibly depicting a historical or cultural scene. The
presence of totem poles and traditional attire suggests a connection
to a specific cultural heritage. The setting includes natural elements
like rocks and water, which are often found in outdoor environments.
Based on these observations, the depicted environment is likely a
historical site or a cultural heritage area. </think><answer>A</answer>

question: Which image shows
the highest contrast?
A.upper left
B.upper right
C.down left
D.down right
ground turth: A

Janus-Pro-7B:
<think> The upper right image shows the highest contrast. The image
features a fly on a white surface, which has a stark contrast between
the black and white colors of the fly and the background. The other
images have more subtle contrasts, with the lower left image showing
people in a dimly lit environment and the lower right image showing
blue chairs in a similar setting. </think><answer>B</answer>

Ours:
<think> The image in the upper left (A) shows the highest contrast.
This is evident from the stark difference between the light and dark
areas, particularly the deer standing in the sunlight against the darker
background. The other images (B, C, and D) have more balanced
lighting and less pronounced contrast. </think><answer>A</answer>

question: What is the main
color scheme of this image?
A.Black and silver
B.White and blue
C.Brown and red
D.Red and black
ground turth: D

Janus-Pro-7B:
<think> The image predominantly features warm tones such as red and
orange, which are evident in the lighting and the subject's clothing.
The background has a mix of blue and green hues, adding to the
overall color scheme. The lighting creates a vibrant and energetic
atmosphere, which is characteristic of live performances. </think>
<answer>C</answer>

Ours:
<think> The image predominantly features warm tones such as red and
orange, which are evident in the lighting and the subject's clothing.
The background has a mix of blue and black hues, adding contrast to
the warm colors. The overall color scheme is a combination of red,
orange, and blue tones. </think><answer>D</answer>

question: Which mood does this
image convey?
A.Sad
B.Anxious
C.Happy
D.Angry
ground turth: D

Janus-Pro-7B:
<think> The image shows a person with multiple overlapping faces, each
displaying different expressions. The overlapping and blending of
faces suggest a sense of internal conflict or emotional turmoil. The
expressions range from anger to frustration, which are typically
associated with negative emotions. The background and lighting also
contribute to a somber and intense atmosphere. Based on this analysis,
the image conveys an anxious mood. </think><answer>B</answer>

Ours:
<think> The image shows a person with multiple overlapping faces, each
displaying different expressions. The most prominent expression is
one of anger, as indicated by the open mouth and intense facial
features. The background and overall composition also contribute to a
sense of tension and emotional intensity. </think><answer>D</answer>

question: What is the main
theme of the image?
A.Bearded men
B.Bathroom hygiene
C.Royal monarchy
D.Home decor
ground turth: A

Janus-Pro-7B:
<think> The image depicts a bearded man sitting on a throne-like chair,
surrounded by columns and a fire pit, which suggests a setting related
to royalty or a historical context. The title "Oedipus" indicates a
connection to a well-known mythological character, further supporting
the theme of royal mythology or historical storytelling. </think>
<answer>C</answer>

Ours:
<think> The image depicts a bearded man sitting on a throne-like chair,
surrounded by columns and a classical architectural setting. The text
"Episode 2 Oedipus" suggests a narrative or story theme. Given the
context of the image, the main theme is likely related to a story or
character, specifically Oedipus, who is known for his role in Greek
mythology. The other options (A, B, C, D) do not align with the visual
and textual elements of the image. </think><answer>A</answer>

Figure 9: Representative cases comparing Janus-Pro and PairUni on understanding tasks.

As shown in Figure 9, we present representative cases comparing Janus-Pro and PairUni on under-
standing tasks.
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E PROMPTS FOR GPT-O3

We employ two instruction templates for GPT-o3: a generation prompt for producing structured
quadruple data and an understanding prompt for obtaining human-readable interpretations and
consistency checks. The complete prompt texts are shown in Figures 10 and 11. Both prompts specify
the task, the expected input and output schema, and strict formatting constraints (e.g., forbidding
extraneous commentary), which facilitate reliable downstream parsing and evaluation.

Figure 10: GPT-o3 prompt used for generating quadruple data.

THE USE OF LARGE LANGUAGE MODELS

We used a Large Language Model (LLM) only as a writing assistant to polish the language of the
manuscript (e.g., grammar refinement, style adjustment, and clarity improvement). The research
ideas, methodology design, experiments, and analysis were entirely conceived, implemented, and
validated by the authors without reliance on the LLM. The LLM did not contribute to research
ideation, experimental design, or result interpretation.
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Figure 11: GPT-o3 prompt used for understanding quadruple data.
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