arXiv:2606.27608v1 [cs.CV] 25 Jun 2026

@ Qwen June 29, 2026

Qwen-Image-2.0-RL Technical Report

Yixian Xu* Kaiyuan Gao*, Yuxiang Chen*, Yilei Chen, Zecheng Tang, Zihao Liu,
Zikai Zhou, Deqing Li, Hao Meng, Kuan Cao, Jiahao Li, Jie Zhang, Liang Peng,
Lihan Jiang, Ningyuan Tang, Shengming Yin, Tianhe Wu, Xiaoyue Chen, Yan Shu,
Yanran Zhang, Yi Wang, Yu Wu, Yujia Wu, Zekai Zhang, Zhendong Wang,
Xiao Xu, Kun Yan, Chenfei Wu'

%% https://qwen.ai

Abstract

We present Qwen-Image-2.0-RL, a post-training pipeline that applies reinforcement
learning from human feedback (RLHF) and on-policy distillation (OPD) to improve both
the visual quality and instruction-following capability of the Qwen-Image-2.0 diffusion
model. To provide reliable reward signals, we construct task-specific composite reward
models by fine-tuning vision-language models with a pointwise scoring paradigm and
chain-of-thought reasoning. For text-to-image generation, the reward models cover
alignment, aesthetics, and portrait fidelity dimensions. For image editing tasks, the
reward system addresses instruction-following accuracy and face identity preserva-
tion. Building on this reward system, we develop a scalable GRPO-based RL training
framework, incorporating a hybrid classifier-free guidance (CFG) strategy to preserve
pre-trained knowledge, prompt curation via intra-group reward range filtering, and
per-category reward weight calibration. To merge the task-specialized RL policies for
T2I and editing, we propose on-policy distillation as the final training stage, which
consolidates multiple teachers into a single student model through trajectory-level ve-
locity matching. Extensive evaluation shows that Qwen-Image-2.0-RL achieves 57.84
overall score on Qwen-Image-Bench (+2.61 over the base model), Elo ratings of 1193 in
text-to-image arena (+78) and 1349 in image edit arena (+93), demonstrating consistent
gains in aesthetic quality, prompt adherence, and editing accuracy.

1 Introduction

Diffusion and flow-based generative models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al.,
2021) have achieved remarkable success in high-fidelity image generation. The field has progressed
to latent diffusion models (Rombach et al., 2022; Podell et al., 2024) with scalable Transformer-based
architectures (Peebles &Xie, 2023; Chen et al., 2024; Esser et al., 2024; Ma et al., 2024). More recent
systems (BlackForest, 2024; Labs, 2025; Wu et al., 2025a; Cai et al., 2025; Cao et al., 2025) have further
adopted vision-language foundation models as conditional encoders, whose stronger semantic grounding
and multimodal world knowledge enable more precise instruction following and text-image alignment.
Meanwhile, commercial systems (Gao et al., 2025; Seedream et al., 2025; OpenAl, 2025; Google, 2025)
have pushed the frontier of generation quality, and unified architectures (Wu et al., 2025a; Labs et al.,
2025) have extended these capabilities to image editing, enabling a single model to serve both generation
and editing tasks within a shared framework.

Despite impressive pre-training results, a persistent gap remains between the outputs of supervised-
trained diffusion models and human aesthetic expectations. Supervised training optimizes the denoising
score matching objective that does not directly capture the human preference such as compositional
harmony, texture, prompt faithfulness, and stylistic coherence. Reinforcement learning from human
feedback (RLHF), which has achieved remarkable success in aligning large language models (Shao
et al., 2024), offers a principled approach to close this gap. Based on reward signals that encode human
preferences, the RLHF paradigm directly optimizes the model with respect to the reward signals.

However, extending the RLHF paradigm to diffusion models introduces distinct challenges. First, reliable
reward signals must capture diverse quality dimensions across fundamentally different tasks such as
text-to-image (T2I) generation and image editing, spanning global aesthetics and prompt adherence
for T21I, and fine-grained identity preservation for editing. This necessitates a composite, task-aware
reward design. Second, existing RL frameworks for diffusion models have primarily been validated
under LoRA fine-tuning settings (Liu et al., 2026a; Zheng et al., 2025; Wang et al., 2025a). Real-world
scenarios involving multiple reward signals, diverse task types, and full-parameter training at scale
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Figure 1: Overview of the Qwen-Image-2.0-RL training pipeline. Starting from a shared base model,
we train two task-specialized RL policies with dedicated reward compositions: T2I generation uses
a layered reward design progressing from prompt faithfulness to texture quality to portrait-specific
optimization, while editing focuses on instruction accuracy and identity preservation. The resulting
teachers are merged into a unified model via on-policy distillation.

remain underexplored. Third, practical deployment demands consolidating task-specialized RL policies
into a single model without sacrificing per-task quality.

In this work, we address these challenges through a unified post-training pipeline (Fig. 1) applied to the
Qwen-Image-2.0 (Zhao et al., 2026) foundation model. Our contributions are summarized as follows:

1. VLM-based composite reward models (Sec. 3). We construct task-specific reward suites by fine-tuning
Qwen series VLM with chain-of-thought reasoning enabled, adopting a pointwise scoring paradigm
that we find empirically superior to pairwise training. For T2I tasks, the rewards follow a layered
design: an alignment reward ensures prompt faithfulness, an aesthetic reward improves texture and
composition, and a portrait reward targets facial attractiveness. For image editing tasks, we combine
an instruction-following reward with a dedicated face identity consistency scorer to capture global
structural preservation and subtle facial identity shifts.

2. Scalable RL training framework (Sec. 4). We adopt a GRPO-based RL framework with multi-
reward advantage computation (Shao et al., 2024; Liu et al., 2026b). In addition, we introduce a
hybrid CFG strategy that applies guidance during rollout sampling but excludes it from the policy
optimization objective, balancing training stability with preservation of pre-trained knowledge. We
further propose a strategy to filter training prompts and per-category reward weight adjustment to
balance optimization across various visual domains.

3. On-policy distillation (Sec. 4.3). Once the RL policies are trained for specific tasks including T2I
and image editing, we propose on-policy distillation (OPD) to unify task-specialized RL teachers into
a single student model via trajectory-level velocity matching. OPD avoids cross-task optimization
conflicts and eliminates reward model dependency.

The resulting model, Qwen-Image-2.0-RL, achieves strong performance across multiple evaluation
settings (Sec. 5): a 57.84 overall score on Qwen-Image-Bench (+2.61 over the base model), and Elo
ratings of 1193 in text-to-image arena (+78) and 1349 in image edit arena (+93), demonstrating consistent
improvements in aesthetic quality, prompt adherence, and editing accuracy for both T2I and image
editing tasks.

2 Backgrounds

2.1 Diffusion Models

Diffusion models have become the dominant paradigm for high-fidelity image generation (Sohl-Dickstein
et al., 2015; Ho et al., 2020; Song et al., 2021; Liu et al., 2022; Lipman et al., 2022). To model the high-
dimensional data distribution p4,t,, diffusion models define a forward noising process that progressively
corrupts data samples and learn a reverse process for generation. Following the Flow Matching frame-
work (Lipman et al., 2022; Liu et al., 2022), the forward path is defined by
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where xy ~ Pgata is a clean data sample and € ~ A (0, I) is standard Gaussian noise. The time derivative
of this interpolation defines the conditional velocity field v := € — xy. A neural network vg(xy, t,c) is
trained to approximate this velocity field by minimizing the flow matching objective:
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where p; is the distribution of the training timestep. Once trained, samples are generated by solving the
probability flow ordinary differential equation (ODE) backward fromt = 1to t = 0:
dxt

T = vg(xt,t,c), x1 ~N(01I). 3)

2.2 Reinforcement Learning for Diffusion Models

Recent work has explored extending reinforcement learning to flow matching models for aligning
generation quality with human preferences. Flow-GRPO (Liu et al., 2026a) extends Group Relative Policy
Optimization (GRPO, Shao et al. 2024) to flow matching models by formulating the multi-step denoising
trajectory as a Markov decision process (MDP). Given a prompt c, the policy 71y generates a group of G

(1) (G)

images {x,,...,x; "}, and a reward model R(xo, c) evaluates each sample. The advantage of the i-th
sample is computed by group-level normalization:
(i)
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where y. and o, are the mean and standard deviation of rewards within the group. A central challenge is
that flow matching relies on a deterministic ODE for generation, which hinders the direct application of
GRPO. Flow-GRPO addresses this by using an equivalent stochastic sampler:
2
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where 0y > 0 controls the noise scale and w; denotes the standard Wiener process. Under Euler-
Maruyama discretization, the transition density becomes Gaussian, enabling tractable computation of the
importance sampling ratio r;l) (0) = g (xl@l |x£l), c)/ e, (xﬁ?l |x§l) ,¢). The policy is then optimized via
a clipped surrogate objective:
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where ?Ei) (0) := clip (rgi) (0),1—¢, 1+€) is the clipped version of importance sampling ratio.

DiffusionNFT (Zheng et al., 2025) proposes an alternative formulation that uses the forward diffusion
process for policy optimization. For a noisy state x; = (1 — t)xg + te, three velocity predictions are
computed: the current policy vg(xy, t,c), the old policy vg_, (xt,t,¢), and the reference policy vg_, (x4, t,¢).
The method constructs positive and negative velocity predictions defined by

vy =B-vo+(1—B) vy, vy =(1+pB) vy, —B-ve, 7)
where B is the interpolation strength. Then the training objective of DiffusionNFT is given by
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group-relative advantage. To prevent the policy from deviating too far from the pre-trained reference, a
KL penalty is added:
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3 Reward Modeling

The reward signal capturing human preference is the primary component of the RL training. To align the
pretrained image generative model with the human preferences, we construct task-specific composite
reward models for different evaluation dimensions. Our reward system combines VLM-based scorers
for semantic and aesthetic assessment with model-based scorers for fine-grained identity preservation,
tailored to both T2I and image editing tasks.
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A spectacular late autumn hillside is
blanketed in fiery red maple trees,
where a clear stream winds through
the woods reflecting the crimson
foliage and bright blue sky. The high
sky and vibrant colors combine to
create a breathtaking and serene
natural landscape.

An ancient stone lighthouse stands at
the edge of a rocky coastline at dawn,
its beacon flickering faintly through
the thin mist blanketing the ocean.
Waves crash against the black reefs
under a soft blue-purple sky, creating a
deeply solitary and solemn atmosphere.

An intellectual East Asian female doctor
in her mid-30s with shoulder-length hair
and thin metal glasses focuses intently on
a tablet displaying an ECG. She stands in
a bright modern clinic filled with
anatomical charts and medical books,
bathed in soft lighting that creates a
professional and trustworthy atmosphere.

Figure 2: Qualitative comparison of RL training outcomes using pointwise vs. pairwise reward model
training paradigms. Both reward models target the same evaluation dimensions (aesthetic quality and
visual texture) and are trained on data from the same model pool, isolating the effect of the training
paradigm. The pointwise-trained reward model produces images with consistently better visual quality,
finer texture detail, and fewer artifacts.

3.1 Reward Model Training Paradigms

We explore two training paradigms for reward model fine-tuning. The first is pairwise reward training,
where the model is optimized on pairs of images (xy, x;) generated from the same prompt ¢, with x,
preferred by human annotators over x;. The Vision-Language Model (VLM) produces scalar scores
Ry (x,c) for each image, and the training objective minimizes the Bradley-Terry ranking loss:

Lpair = — Z log o (Ry(xw, ¢) — Ry(x1,¢)), (10)
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where o(x) = H% is the sigmoid function. The second is pointwise reward training, where each image

x is paired with an absolute human-annotated score ¥ € IR, and the model is trained to directly regress to
this score:

Looine = Y. (Ro(x,¢) —y)°. (11)
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In practice, the reward model is trained to output tokens in discrete score set S = {1,2,3,4,5}, and the
reward score is produced by the expectation under the VLM's probability distribution py:

Ry(x,c) =) s py(s|x,c). (12)
seS

To compare the two training paradigms, we construct two annotated datasets that deliberately share the
same evaluation focus—aesthetic quality and visual texture—while differing only in annotation format.
Both datasets draw images from a common pool of state-of-the-art AIGC models, ensuring that the
comparison isolates the effect of the training paradigm rather than data distribution.

Pointwise annotation. We collect images datasets with prompts randomly sampled from high-quality
portrait reference images and rewritten to diversify linguistic patterns beyond the training distribution.
Each image is independently scored by human annotators on a 5-point Likert scale along two structured
dimensions: (1) Quality—assessing clarity, lighting, color balance, stylistic coherence, and material
texture; and (2) Fidelity—evaluating structural correctness, physical consistency, and absence of Al
artifacts such as unnatural smoothing or texture repetition.



Pairwise annotation. We collect image pairs dataset, where two images generated from the same
prompt are presented side by side for preference judgment. Annotation follows a strict priority hierarchy:
image-text consistency > structural distortion > texture quality > aesthetic appeal. Under this scheme,
when both images faithfully depict the prompt content and are free of structural distortions, which is
the common case for images from high-quality models, the comparison reduces to a direct judgment
of texture quality and aesthetic appeal. Each pair is further labeled with auxiliary attributes including
sample validity, text distortion presence, and human figure distortion presence to support fine-grained
analysis.

Comparison. We train two reward models by finetuning the same VLM architectures and use each
as the RL training reward. As shown in Fig. 2, the pointwise-trained reward model produces images
with consistently better visual quality and fewer artifacts. We attribute this to the richer supervisory
signal of absolute scores: pointwise annotations encode how good an image is on a calibrated scale,
whereas pairwise annotations only capture which is better. Based on this finding, we adopt the pointwise
paradigm as the default training objective for all VLM-based reward models in the final system.

3.2 Reward Models for Text-to-Image Generation

Having established the pointwise paradigm as our default training objective (Sec. 3.1), we now describe
the specific reward models for T2I generation. All VLM-based T2I reward models are implemented
by fine-tuning Qwen series VLM. Our T2l reward model design follows a layered logic. The most
fundamental requirement for image generation is faithfulness to the user’s prompt: a visually stunning
image that ignores the specified content is a failed generation. We therefore begin with an image-text
alignment reward that evaluates semantic correspondence without considering aesthetics. Once prompt
adherence is established, we layer on an aesthetic reward to enrich texture fidelity. Finally, because
human-subject images demand more than generic aesthetic quality, we introduce a dedicated portrait
reward that specifically optimizes facial attractiveness and fine-grained skin and hair realism.

Image-text alignment reward. This is the most fundamental reward, measuring the semantic corre-
spondence between the generated image and the input prompt. It explicitly penalizes outputs that
omit, misinterpret, or contradict user-specified requirements, without considering aesthetic merit. The
VLM evaluates prompt adherence along a priority hierarchy: (1) object presence and count accuracy,
(2) attribute correctness (color, size, shape, material), (3) spatial relationship fidelity, and (4) action and
pose accuracy. Images that fail the highest-priority criteria are capped at low scores regardless of other
qualities.

Aesthetic reward. Building upon prompt-faithful generation, this reward assesses the intrinsic visual
quality of generated images, emphasizing compositional balance, realistic illumination, texture fidelity,
and overall artistic coherence. The aesthetic reward model is trained on the pointwise-annotated dataset
described in Sec. 3.1.

Portrait reward. Generic aesthetic optimization is insufficient for human-subject generation, where
facial attractiveness and anatomical correctness are critical. This reward provides a specialized signal
for improving facial proportion accuracy, identity-preserving facial details, and fine-grained skin and
hair texture realism. The scorer explicitly checks for common failure modes such as incorrect finger
counts, distorted facial features, and unnatural body proportions. We train this reward model on a
separate portrait-specific dataset with prompts sampled from high-quality portrait reference images. The
annotation rubric focuses specifically on facial attractiveness, skin and hair texture realism, capturing the
standards of human beauty that generic aesthetic scoring cannot adequately address.

3.3 Reward Models for Text-Guided Image Editing

Building on the success of the pointwise reward paradigm established for T2I, we transfer the same
training methodology to image editing tasks. The VLM-based rewards are likewise built by fine-tuning
Qwen series VLM, adapting the evaluation rubrics to editing-specific requirements. We additionally
introduce a model-based face identity consistency scorer to address fine-grained identity preservation
beyond the VLM’s capabilities.

Instruction-following reward. This reward evaluates whether user-specified modifications are accu-
rately executed, covering editing operations such as object replacement, attribute modification, and style
transfer. The fine-tuned VLM model receives the source image, the editing instruction, and the output
image as a triplet, and is prompted to decompose the instruction into core editing requirements and



Prompt

A young girl stands on a vibrant street gazing
directly into the camera with a delicate flower
tucked gracefully behind her ear. The natural
urban setting perfectly complements her
captivating and serene expression.

A beautiful young woman in a flowing light-
green ancient Hanfu sits gracefully under a
blooming white flower tree, gently touching a
branch with a serene and slightly melancholic
expression. Her dark hair is partially tied with a
white ribbon as she rests in a softly lit,
traditional Chinese spring setting filled with
fallen leaves and fresh natural beauty.

In an expressive comic style with realistic oil
painting brushstrokes, a focused female artist
wears a white t-shirt printed with the exact text
"ART IS FREE" in a textured studio with paint
splatters. A clear wall notice reads
"RESIDENCY" within a clean and spacious
composition that beautifully captures the
authentic materials of paper and fabric.

Four young women in traditional Hanfu
featuring red plum, white orchid, green
bamboo, and warm chrysanthemum motifs
stand in a classical courtyard holding a sign
that reads "THE, h T TRITEMNME"
This meticulously detailed Gongbi painting
captures the vibrant colors and harmonious
beauty of an elegant Chinese garden filled with |
blooming flowers and ancient pavilions.

Figure 3: Qualitative comparison of three CFG strategies during RL training. Left: CFG applied in both
rollout and training leads to training instability and eventual image collapse. Middle: removing CFG
from both stages causes progressive loss of stylization ability and world knowledge. Right: CFG in
rollout only (our hybrid strategy) maintains training stability while preserving the pre-trained model’s
full generative capabilities.

non-core auxiliary requirements. The evaluation follows a structured rubric that assesses: (1) whether
the core editing instruction has been fulfilled, (2) whether non-core requirements are addressed, and (3)
whether the overall output is visually coherent.

Face identity consistency reward. While the VLM-based visual consistency reward captures global
structural preservation, we find that it is insufficient for reliably detecting subtle facial identity shifts. We
therefore introduce a dedicated model-based face identity scorer. This model-based reward provides a
precise, embedding-level identity preservation signal that complements the VLM’s higher-level semantic
consistency assessment.

4 Training

With the reward models established in Sec. 3 and the GRPO-based RL framework introduced in Sec. 2.2,
we now describe our training pipeline. We first train separate RL policies for T2I generation and image
editing using their respective reward compositions (Secs. 3.2 and 3.3), then merge the resulting task-
specialized models into a deployable model via on-policy distillation. In Sec. 4.1, we present the shared
pipeline infrastructure for T2I and editing task. Sec. 4.2 details the task-specific optimization choices.
Finally, Sec. 4.3 introduces on-policy distillation, which unifies the two task-specialized teachers into a
single student model through trajectory-level velocity matching.

4.1 Training Pipeline

Hybrid CFG strategy. A key design consideration in diffusion-based RL is whether classifier-free guid-
ance (CFG) (Ho &Salimans, 2022) should be employed during rollout sampling and policy optimization.
We systematically evaluate three strategies (see Fig. 3):

* CFG in both rollout and training. Applying CFG during both rollout sampling and the training
stage leads to severe training instability. As training progresses, the generated images deteriorate
completely, ultimately collapsing into incoherent outputs;

* No CFG in either stage. Although reward scores steadily improve, the model progressively loses
stylization ability and world knowledge, failing to reproduce well-known celebrity appearances



and losing the capacity for style-specific generation. We attribute this phenomenon to the base
model’s reliance on CFG to fully express its pre-trained knowledge during inference;

¢ CFG in rollout only. CFG is used during the rollout stage to generate high-quality candidates
for reward evaluation, while the unconditional branch is excluded from the policy optimization
objective.

We adopt the third, hybrid strategy. The CFG-guided rollout fully leverages the pre-trained model’s
capabilities to produce structurally coherent images that yield reliable reward signals. Meanwhile, the
CFG-free training objective avoids the optimization difficulties introduced by jointly optimizing the
conditional and unconditional branches, maintaining stable gradient updates and substantially reducing
computational overhead.

Asynchronous reward pipeline. Our reward models are deployed as remote API services, separate
from the training process. Since reward scoring involves network I/O to these remote VLM endpoints,
synchronous evaluation would bottleneck the training loop. We therefore decouple reward computation
from model training through an asynchronous pipeline: after the policy generates a batch of images
via GPU inference and gathers them across ranks, a background thread asynchronously submits the
images to the remote reward API endpoints. Once the asynchronous reward responses return, all ranks
synchronize to gather the raw scores, perform per-prompt-group normalization, and compute advantages
for the policy gradient update. This design hides nearly all reward latency behind inference computation,
enabling efficient scaling to multiple reward models without proportional increases in training time.

Multi-reward advantage computation. As mentioned in Sec. 3, we use multiple reward models for
the training of T2I and image editing task respectively. Inspired by Liu et al. (2026b), the group-relative
advantage in Eqn. (4) is calculated by weighted summation with per-prompt-group normalization:
. K R (i) _
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where Ry is the k-th reward model, wy is its weight satisfying Z,Ile wi = 1, and p, 0y are the mean and
standard deviation of Ry computed within each prompt group. This per-prompt-group normalization
is critical: it ensures that the composite reward is invariant to absolute scale differences across reward
models, preventing any single reward dimension from dominating the advantage signal due to its
numerical range.

4.2 Task-Specific Optimization

Timestep sampling. During rollout, images are generated using a 40-step ODE solver. A naive approach
would apply the RL training objective at all 40 timesteps. However, we observe that this leads to rapid
reward hacking, resulting in degradation within a few iterations. To address this issue, we train on only a
subset of the rollout timesteps, with a particular emphasis on high-noise timesteps (i.e., those closer to
t = 1). High-noise timesteps govern global structure and semantic layout, making them more robust
targets for policy optimization. By restricting the training signal to a carefully selected subset, we slow
the reward exploitation process and ensure that the model improves comprehensively across quality
dimensions.

Prompt curation. Not all prompts contribute equally to policy improvement. We employ the trained
reward models to filter the prompt pool before RL training. For each candidate prompt, the base model
performs G rollouts and the composite reward is computed for each sample. We then compute the intra-
group range (maximum minus minimum reward) within each prompt group. Only prompts whose range
exceeds a predefined threshold are retained for training. Prompts with uniformly high or low rewards
across all samples provide a weak signal for policy optimization. This filtering step significantly improves
training efficiency by concentrating compute on prompts where the policy has room for meaningful
improvement.

Per-category reward calibration. We organize the retained prompts into semantic categories (e.g.,
portrait, landscape, typography, general) and assign category-specific reward weight vectors. For
instance, portrait prompts receive higher weight on the portrait fidelity reward, while typography
prompts emphasize alignment accuracy. This per-category calibration ensures that the RL objective
reflects the distinct quality requirements of each visual domain, preventing the optimization from
converging to a single dominant style at the expense of others.



4.3 On-Policy Distillation

While the preceding RL optimization produces models with superior quality on each task, the resulting
policies are task-specialized: a T2I-optimized model may exhibit degraded editing performance, and
vice versa. To address this limitation, we propose On-Policy Distillation (OPD), which unifies multiple
task-specialized RL-trained teachers into a single student model via trajectory-level velocity matching.

Training objective. The student model vy (initialized from the pre-trained base model) generates
images by solving the reverse ODE from t = 1 to t = 0 with N discrete steps, using a timestep schedule
{to = 1L, t1,...,txy = 0}. The full trajectory of the student model {x¢,, x;,,..., s, } is saved, where
xt, ~ N(0,I) is the initial noise sample and x;,, is the denoised output. The student is trained to match
the task-appropriate teacher’s velocity at each point along its own trajectory:

N
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where vy« is the task-related teacher model (see Sec. A for a formal derivation). The OPD objective ensures
that the student learns to correct its own prediction errors on its own inference trajectories.

Multi-Teacher Distillation. A central advantage of OPD is its ability to distill from multiple task-
specialized teachers into a single student. We maintain two teacher models: a T2I teacher optimized
for text-to-image generation with aesthetic, alignment, and portrait rewards, and an editing teacher
optimized for image editing tasks with instruction-following and face identity preservation rewards.
For each training batch, the appropriate teacher is selected based on the task type of the current sample.
To manage GPU memory, only the active teacher is loaded onto the GPU at any time; inactive teachers
are offloaded to CPU. This dynamic teacher activation mechanism allows training with multiple large
teacher models without proportionally increasing GPU memory requirements. As teacher models are
originally trained with CFG, we apply CFG during the teacher’s velocity prediction in OPD, but keep
the student model without CFG. By distilling from specialized teachers rather than jointly training with
competing rewards, OPD avoids the optimization conflicts that arise when T2I and editing objectives are
optimized simultaneously. In addition, the CFG is also integrated into the student model after OPD.

Comparison with mixed RL training. A natural alternative to the decomposed OPD pipeline is to train
a single model with RL on mixed T2I and editing data (Mix-RL), where all task-specific rewards are jointly
optimized in one training process. While this approach is simpler, it forces the model to simultaneously
satisfy competing optimization objectives from different tasks, leading to suboptimal trade-offs. Fig. 5
presents a three-way qualitative comparison across T2l scenarios among the pre-trained base model
(Qwen-Image-2.0-Base), the Mix-RL baseline, and our final Qwen-Image-2.0-RL model produced via OPD.
The comparison reveals a clear quality progression: Mix-RL already improves over the base model in
texture fidelity, compositional coherence, and overall realism, confirming that RL training with our reward
suite effectively enhances generation quality. However, Qwen-Image-2.0-RL consistently outperforms
Mix-RL, producing sharper details, more accurate prompt adherence, and better aesthetic quality. A
similar trend is observed for image editing: Fig. 6 shows that Qwen-Image-2.0-RL achieves superior face
identity preservation and instruction-following accuracy compared to both the base model and Mix-RL,
where the latter still suffers from identity drift or incomplete edits under complex instructions. This
demonstrates the advantage of our decomposed strategy over jointly optimizing all task rewards in a
single RL training process.

5 Evaluation

We evaluate Qwen-Image-2.0-RL from automated quality metrics on standardized benchmarks to human
preference rankings on competitive arenas.

Text-to-image generation results. We assess the effectiveness of our RL training framework on T2I
using Qwen-Image-Bench (Li et al., 2026a), a creator-centric benchmark designed to evaluate T2I models
across five first-level pillars: Quality, Aesthetics, Alignment, Real-world Fidelity, and Creative Generation.
Evaluation is conducted by Q-Judger, a unified judge model trained on over 130K human-labeled image-
prompt pairs annotated by 80 professional artists. Tab. 1 presents the performance of Qwen-Image-2.0
before and after RL training alongside strong baselines on Qwen-Image-Bench. RL training yields
consistent improvements across all five evaluation pillars, raising the overall score from 55.23 to 57.84.
The most substantial gains emerge in Creative Generation (6.72 improvement) and Real-world Fidelity
(4.29 improvement).



Table 1: Performance comparison on Qwen-Image-Bench (Li et al., 2026a). Scores are on a [O, 100} scale,
aggregated bottom-up from 56 third-level facets through a three-level taxonomy. Baseline models are
sorted by overall score in ascending order.

Model Quality Aesthetics Alignment Real-world Fidelity Creative Gen. Overall
GLM Image 49.26 50.64 47.90 44.69 45.23 48.19
Kling Image 2.1 49.11 50.15 49.18 44.74 44.67 48.26
Qwen Image 48.44 52.25 50.72 43.16 47.30 49.23
Imagen 4.0 50.16 52.68 51.64 44.84 47.94 50.29
Hunyuanlmage 3.0 50.35 53.57 52.00 44,31 49.12 50.81
Imagen 4.0 Ultra 50.90 54.25 54.02 45.59 51.14 51.99
Qwen Image 2512 51.76 54.74 52.72 47.00 50.19 52.06
GPT Image 1 52.34 55.09 56.28 48.14 55.78 54.07
FLUX 2 Pro 52.30 56.94 57.01 47.29 56.18 54.57
FLUX 2 Max 53.64 56.85 57.35 49.35 56.50 55.33
Seedream 4.0 54.01 58.81 56.64 51.05 58.15 56.21
Seedream 4.5 54.41 58.72 57.31 51.69 60.64 56.78
Seedream 5.0 52.55 58.40 58.90 51.92 65.29 57.22
Nano Banana Pro 55.67 60.26 61.25 54.07 66.23 59.45
GPT Image 1.5 55.14 60.88 61.72 53.95 66.35 59.65
Nano Banana 2.0 54.77 61.08 62.40 54.28 67.05 59.82
GPT Image 2 58.65 67.53 65.85 57.38 75.23 64.69
Qwen-Image-2.0-Base 52.29 57.10 57.64 47.54 58.22 55.23
QOwen-Image-2.0-RL 54.39 58.67 59.28 51.83 64.94 57.84
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Figure 4: Human preference evaluation on arena. RL training consistently improves Elo ratings across all
eight sub-categories and the overall score.

Human preference evaluation. Beyond automated benchmarks, we evaluate Qwen-Image-2.0-RL on
text-to-image and image edit arena, where users vote between anonymized image pairs from competing
models. Fig. 4 presents the Elo ratings of Qwen-Image-2.0 before and after RL training across eight
sub-categories. RL training yields substantial Elo rating improvements across all dimensions, with the
overall T2l rating rising from 1115 to 1193 (+78). The most pronounced gains appear in 3D Modeling
(+93), followed by Photorealism (+91), reflecting improved structural consistency and fine-grained detail
rendering. Consistent with the T2I evaluation above, the performance in image edit arena also improves
from 1256 to 1349 (+93), further corroborating the effectiveness of our editing-specific RL training.

6 Related Works

Reinforcement learning for diffusion models. Aligning diffusion models with human preferences
via RL has gained significant attention. Flow-GRPO (Liu et al., 2026a) extends GRPO to flow matching
models by treating the multi-step generation as a Markov decision process. GRPO-Guard (Wang et al.,
2025a) identifies implicit over-optimization issues in flow matching RL and proposes regulated clipping
to mitigate them. AWM (Xue et al., 2025) and DiffusionNFT (Zheng et al., 2025) introduces online



reinforcement learning with a forward process formulation. Our work builds upon these methods,
introduce a hybrid CFG strategy specifically designed for the Qwen-Image-2.0 architecture.

Reward models for diffusion models. Reward modeling is central to aligning diffusion models with
human preferences. Early CLIP-based approaches (Radford et al., 2021) are limited by fixed architectures
and poor cross-task generalization. Subsequent regression-based methods ImageReward (Xu et al.,
2023), PickScore (Kirstain et al., 2023), HPSv2 (Wu et al., 2023), and HPSv3 (Ma et al., 2025) train scalar
predictors via Bradley—Terry ranking loss. More recently, UnifiedReward (Wang et al., 2025b; 2026) and
RewardDance (Wu et al., 2025b) reformulate scoring as token prediction probability, enabling scaling
along both model size and context dimensions including task-specific instructions and chain-of-thought
(CoT) reasoning.

On-policy distillation. On-policy distillation (OPD) consolidates heterogeneous capabilities by having
students learn on self-generated trajectories under teacher supervision. GKD (Agarwal et al., 2024)
established this framework for LLMs, and frontier models have since adopted multi-teacher OPD to
avoid the seesaw effect of multi-reward RL. Two concurrent works Flow-OPD (Fang et al., 2026) and
DiffusionOPD (Li et al., 2026b) extend OPD to flow matching models by showing that the KL divergence
between Gaussian transition kernels reduces to a velocity-field MSE loss. Both of these works focus on
consolidating single-reward T2I teachers. Our approach differs by specializing teachers by task type (T2I
and editing), deriving the objective from a W, upper bound.

7 Conclusion

We presented Qwen-Image-2.0-RL, an image generation system that combines RLHF with OPD to
substantially improve visual quality and instruction-following capabilities. Our approach makes three
contributions: (1) a VLM-based composite reward system tailored to both T2I and TI2I tasks, with
structured evaluation rubrics covering aesthetic quality, prompt adherence, portrait fidelity, instruction-
following, and visual consistency; (2) an adapted GRPO training framework featuring a hybrid CFG
strategy and asynchronous reward pipeline that enables efficient large-scale RL training of flow matching
models; and (3) an OPD mechanism that unifies task-specialized RL-trained teachers into a single
deployment model via trajectory-level velocity matching, eliminating reward model dependency while
preserving the quality gains of each specialized teacher. Qualitative and quantitative evaluations confirm
that OPD not only matches but surpasses a mixed RL baseline that jointly optimizes all task rewards,
validating the decomposed training strategy. The resulting system significantly improves performance
across human preference benchmarks for both image generation and editing tasks.
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Qwen-Image-2.0-Base Mix-RL Training Qwen-Image-2.0-RL (OPD)

Figure 5: Qualitative comparison across T2I generation scenarios among three model variants: pre-trained
Qwen-Image-2.0-Base, Mix-RL (jointly trained on T2I and editing tasks with mixed RL rewards), and
Qwen-Image-2.0-RL (task-specialized RL teachers distilled via on-policy distillation). The progression
Qwen-Image-2.0-Base — Mix-RL — Qwen-Image-2.0-RL demonstrates that RL training improves visual

quality over the pre-trained baseline, and that OPD further surpasses mixed RL by avoiding cross-task
optimization conflicts. 11



Input Image Prompt
S ¢ ’ re

Generate a three-panel photographic collage showcasing
the subject in three distinct poses and expressions. Each
frame captures a unique mood and angle while

maintaining a consistent, high-quality visual style.

Qwen-Image-2.0-RL (OPD)

Capture a hyper-realistic, half-body studio portrait of the male subject from
the reference image, perfectly replicating his facial features, warm smile, and
Prompt contemporary hairstyle. He wears a charcoal-grey open-collar shirt with a

delicate silver chain, paired with a black belt and silver watch, all illuminated
by soft directional lighting against a seamless medium-grey backdrop.

Qwen-Image-2.0-Base Mix-RL Training Qwen-Image-2.0-RL (OPD)

Create a high-resolution, professional character design sheet featuring front, side,
and back views of the subject arranged in a clean, diagrammatic layout on a

Prompt white background. Include detailed breakdowns of the existing outfit and gear,
with clear textual labels pointing directly to each specific component.
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Figure 6: Qualitative comparison across portrait editing scenarios among three model variants. Qwen-
Image-2.0-RL achieves the best face identity preservation and instruction-following accuracy, while
Mix-RL improves over the base model but still exhibits noticeable identity drift or incomplete edits under
complex instructions.
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A Derivation of the On-Policy Distillation Objective

In this section, we provide a formal derivation of the OPD loss (Eqn. (14)) from the perspective of
distributional distance minimization.

Goal. Let vy« denote a task-specialized RL-trained teacher and vy a student model (initialized from
the pre-trained base model). Both share the same initial noise distribution p; = N(0, I) and generate
images by solving the reverse ODE (Eqn. (3)) from t = 1 to t = 0. The goal of OPD is to find 6 such that

the student’s output distribution pf) is as close as possible to the teacher’s pg*.

Analogy to LLM distillation. In large language model (LLM) distillation, the standard approach
minimizes the forward Kullback-Leibler (KL) divergence between the student’s and teacher’s output
distributions:

min KL(p(-[¢) | po- (1)) (15)

where pg and py+ are the student’s and teacher’s next-token distributions conditioned on context c. The
KL divergence admits a tractable decomposition over the autoregressive factorization, making it a natural
choice for sequential discrete models. For continuous-space diffusion models, however, the output
distributions are defined implicitly through an ODE solve, and the KL divergence between path measures
is generally intractable.

Wasserstein-2 distance. We instead consider the 2-Wasserstein distance as the distributional metric:

1/2
Wa(pl, i) = ( e 9*)/le—ylzd7(x,y)> : (16)
el {Po Py

where T'(p§, pg*) denotes the set of all couplings between the two distributions. However, directly
computing W, distance requires solving an optimal transport problem, which is intractable in high
dimensions. We therefore seek to minimize an efficiently computable upper bound.

Benton et al. (2023) establish a rigorous connection between the velocity field approximation error and
the distributional distance of the corresponding flows. Their result relies on the following assumptions:

(A1) Existence and uniqueness of smooth flows. For each initial point x; € R?, both the student flow (under
vp) and the teacher flow (under vy«) admit unique, continuously differentiable solutions.

(A2) Lipschitz reqularity of teacher velocity field. For each t € (0,1), there exists a constant L; such that
vg (-, t) is L¢-Lipschitz in x.

Under these assumptions, Theorem 1 of Benton et al. (2023) yields the following bound on the W, distance
between the student’s and teacher’s generated distributions:

1
« 1 2 1
Wz(pg, pg ) < (/0 lExth}q va (xt, 1) — vg (x4, i’)||2 di’) - exp (/0 Ly dt) . 17)

Continuous-time optimization objective. The exponential factor exp ( fol Ly dt) depends on the Lips-

chitz regularity of the teacher’s velocity field, which is controlled by the network architecture and does
not depend on the training objective. Therefore, minimizing the W, upper bound in Eqn. (17) with respect
to 0 reduces to minimize the following trajectory-level velocity matching objective:

1
Lopp(6) = /0 ]Extwp(z |vg (¢, t) — vg= (x¢, f)”zdt. (18)

In practice, the student’s ODE is solved with N discrete steps using a timestep schedule {tp = 1,t1,...,tNy &
0}. The student’s own trajectory {x;,, x¢,, ..., Xty } provides samples from pfﬂ at each timestep. Approx-

imating the continuous integral in Eqn. (18) by a sum over the discrete trajectory points recovers the
practical OPD loss:

n=1

N
Lopp(0) = ]EC,X[lzN]Nﬂg("C) [2 |vo(xt,,tn) — v (xt,,/tn)Hz . (19)

This is precisely the training objective in Eqn. (14).
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