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Abstract

Recent image-to-3D generation models built on flow-
matching diffusion Transformers (DiT) can produce high-
fidelity meshes, yet their post-training strategy remains largely
unexplored. There exist several critical bottlenecks in rein-
forcement learning: the inherent difficulty of defining com-
prehensive rewards for 3D geometric quality, and the gradient
interference that arises when jointly optimizing heterogeneous
objectives. Inspired by the practicability of on-policy distilla-
tion (OPD) in large language models and image generation, we
propose Flow3D-OPD, a two-stage post-training framework
that introduces multi-teacher distillation into 3D geometry
generation. In the first stage, we utilize the semi-policy to
enhance the foundational capability of the pretrained model
and then design an agentic verifier for 3D geometric quality
evaluation. Based on the verifier, we could cultivate domain-
specialized teacher models via direct preference optimization
(DPO). In the second stage, we consolidate heterogeneous
expertise into a unified student model through on-policy dis-
tillation with hard task-routing sampling and gradient accumu-
lation, which could mitigate the gradient interference in joint
optimization. Without relying on elaborate modifications, our
straightforward yet effective design achieves consistent im-
provements across all geometric quality dimensions and sur-
passes all teacher models in the average metric. Extensive
experiments demonstrate that our approach provides an effec-
tive paradigm for reinforcement learning in 3D generation.

Introduction

Recent 3D geometry generation pipelines (Li et al. 2025;
Zhao et al. 2025; Lai et al. 2026, 2025) employ a mixture
architecture where a diffusion Transformer (DiT) (Peebles
and Xie 2023) generates latent representations, and then the
subsequent variational autoencoder (VAE) and isosurface ex-
traction algorithm are utilized to decode the representation
into explicit 3D meshes, as shown in Fig. 1. The pipeline
produces high-quality 3D assets from the image, enabling
a wide range of applications in virtual reality, digital twins,
and embodied Al (Mildenhall et al. 2021; Poole et al. 2022).

Despite this rapid advancement, post-training approaches
through reinforcement learning (RL) remain absent from the
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Figure 1: Our framework focuses on the on-policy distilla-
tion of the DiT module in the 3D generation pipeline. Our
Flow3D-OPD enables to achieve a higher average win ratio
than three specialized teachers.

3D generation literature, which has long been employed
in large language models (Ouyang et al. 2022; Rafailov
et al. 2023) and image generation (Black et al. 2024; Liu
et al. 2025). The fundamental obstacle lies in the ambi-
guity of quality evaluation for 3D geometry. Unlike text-
to-image generation where verifiers have been rapidly de-
veloped and proven effective (Huang et al. 2023; Ghosh,
Hajishirzi, and Schmidt 2023), precise quality assessment
for 3D meshes requires multi-view rendering and geomet-
ric analysis, which relies on specific multi-modal reasoning.
Existing approaches (Lai et al. 2026; Li et al. 2025) utilize
ULIP or Uni3D models (Xue et al. 2023; Zhou et al. 2024)
to calculate global similarity between 2D images and 3D
points, yet such a score cannot reflect fine-grained geomet-
ric dimensions such as orientation alignment, pose accuracy,
and textural consistency. Moreover, jointly optimizing these
heterogeneous objectives via diverse rewards will encounter
gradient interference where updates favoring one dimension
degrade others, which hinders consistent improvement in
various dimensions.

However, recent image generation works introduce the
on-policy distillation (OPD) strategy to improve model per-
formance across multiple evaluation dimensions simultane-
ously. DiffusionOPD (Li et al. 2026) and Flow-OPD (Fang
et al. 2026) prove that multi-teacher OPD can effectively
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unify various specialized capabilities into a single model by
replacing sparse scalar rewards with dense velocity-field su-
pervision along the denoising trajectory in the student model.
This distillation paradigm could alleviate gradient interfer-
ence in optimizing multiple dimensional quality in image
generation. However, applying multi-teacher on-policy distil-
lation to 3D geometry generation remains unexplored due to
the difficulties in training domain-specialized teachers with
3D-specific rewards and consolidating these heterogeneous
capabilities stably.

In this paper, we propose Flow3D-OPD, which inno-
vatively introduces multi-teacher on-policy distillation into
3D geometry generation. Our approach follows a two-stage
pipeline to overcome the above challenges. In the first stage,
we train three teacher models targeting distinct evaluation di-
mensions. Specifically, we employ a semi-policy preference
optimization strategy to enhance the base model’s capability
for fine-tuning, then decompose the quality evaluation into
three different dimensions. Subsequently, an agentic verifier
based on VLMs is designed for pairwise mesh compari-
son, which conducts multi-round structured reasoning with
tool invocation and case memory mechanisms. Based on
this verifier, we train the dedicated teacher for each qual-
ity dimension via direct preference optimization (DPO). In
the second stage, we distill all three frozen teachers into
a unified student model through on-policy distillation with
hard task-routing and gradient accumulation mechanisms.
At each training step, the student model generates its own
denoising trajectory, and the corresponding teacher model
provides step-level guidance along the hard task-routing. To
alleviate gradient interference, we accumulate the gradient
in a mini-batch for a single backward pass to ensure balanced
multi-dimensional optimization. As shown on the right side
of Fig. 1, our student model successfully surpasses all teacher
models on the average win-ratio metric. In summary, our
contributions are three-fold as follows:

* We propose the Flow3D-OPD approach, which is, to the
best of our knowledge, the first to introduce on-policy
distillation to 3D geometric generation through a two-
stage training pipeline.

* We design an agentic reward system to enable DPO train-
ing of domain-specific teachers, followed by a multi-
teacher distillation strategy with hard task-routing and
gradient accumulation that consolidates their capabilities
into a unified student model.

» Extensive experiments demonstrate that our method con-
sistently improves generation quality across all dimen-
sions and achieves competitive or superior performance
across multiple metrics.

Related Work

3D Generation Models The field of 3D geometry gener-
ation has undergone several paradigm shifts. Primitive ex-
plorations leverage GANs (Wu et al. 2016), CLIP-guided
synthesis (Sanghi et al. 2022), and Transformer-based ap-
proaches (Yan et al. 2022; Yin et al. 2025) to produce
category-specific shapes. The subsequent works (Ho, Jain,
and Abbeel 2020; Rombach et al. 2022; Poole et al. 2022;

Lin et al. 2023) are then introduced to enable text-to-3D and
image-to-3D generation by leveraging pretrained 2D diffu-
sion priors, though these methods require expensive per-
instance optimization. A more recent line of work trains
diffusion models natively on 3D latent spaces, achieving sub-
stantial quality improvements. Representative methods such
as TripoSG (Li et al. 2025), Hunyuan3D (Zhao et al. 2025;
Lai et al. 2025), and LATTICE (Lai et al. 2026) employ
flow-matching on structured latent spaces to generate high-
fidelity meshes. These systems usually follow a two-stage
pipeline where the flow-matching generator produces latent
point embeddings conditioned on the input image, followed
by a variational autoencoder that decodes into signed distance
fields for mesh extraction via differentiable marching cubes.
Our work builds upon this architecture, focusing on the post-
training alignment strategy that aims to improve generation
quality beyond what pretraining alone can achieve.

Reinforcement Learning for Generative Models RL-
based post-training has become an indispensable paradigm
for further enhancing model capabilities (Ouyang et al.
2022), progressing from PPO (Schulman et al. 2017) and
DPO (Rafailov et al. 2023) to GRPO (Shao et al. 2024).
Its application has also been expanded from large language
models to image generation. DDPO (Black et al. 2024)
first demonstrates policy gradient optimization for diffu-
sion models by treating each denoising step as an action
in a Markov decision process. DPOK (Fan et al. 2023)
introduces Kullback-Leibler (KL)-regularized optimization
to prevent reward hacking, and DiffusionDPO (Clark et al.
2024) adapts preference optimization to the denoising tra-
jectory. In the flow-matching regime, Flow-GRPO (Liu et al.
2025) leverages the SDE interpretation to define proper ac-
tion distributions amenable to group-relative advantage es-
timation, while DiffusionNFT (Zheng et al. 2025) proposes
negative-free training that eliminates the need for a reference
model. Despite these advances in 2D generation, RL-based
optimization for 3D remains largely unexplored, primarily
due to the difficulty of designing reliable multi-dimensional
quality judgements for 3D meshes during training.

On-Policy Distillation On-policy distillation (OPD) ad-
dresses the distribution shift of offline distillation by requir-
ing the student to generate trajectories from its own current
policy under real-time teacher supervision (Agarwal et al.
2024; Gu et al. 2024). In the LLM, GKD (Agarwal et al.
2024) first formalizes on-policy distillation by training on
self-generated sequences to mitigate exposure bias. Subse-
quent work MiniLLM (Gu et al. 2024) adopts reverse KL
to encourage the student to concentrate probability mass
on high-quality modes, while DistiLLM (Ko et al. 2024)
proposes skewed KL interpolation to balance mode-seeking
and mode-covering behaviors. In visual generation, consis-
tency distillation (Song et al. 2023; Luo et al. 2023) first
explores distilling multi-step diffusion models into fewer-
step students. DiffusionOPD (Li et al. 2026) extends OPD to
diffusion models by exploiting the Markov structure of the de-
noising chain, deriving closed-form per-step KL divergence
between Gaussian transition kernels. Flow-OPD (Fang et al.
2026) further generalizes this to flow-matching architectures
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Figure 2: Overview of our Flow3D-OPD framework. Stage 1 (left): the pretrained flow-matching DiT is first fine-tuned with
Ler, then three teachers are trained through DPO with dimension-specific agentic reward. Stage 2 (right): the student model
generates its own denoising trajectory via on-policy sampling, and a hard task-routing cycles through the three frozen teachers

with mini-batch gradient accumulation.

with stochastic differential equation (SDE) formulations and
time-adaptive weighting, showing that multi-teacher distilla-
tion resolves the reward sparsity and gradient interference of
joint multi-objective RL. Our work adapts the OPD mecha-
nism on 3D geometry generation, where the inherently het-
erogeneous nature of quality assessment makes multi-teacher
distillation a particularly natural fit.

Preliminary

DPO in Diffusion Models. Direct preference optimization
(DPO) (Rafailov et al. 2023) enables learning from pairwise
preferences without explicit reward modeling. For language
models, given winning and losing responses z*, 2! condi-
tioned on prompt ¢, DPO directly optimizes the policy model

Dp via:
LM _ po(x*|c) po(a'le)
['DPO =k l:]()go' (6 logm — Blog m)} ) (1)

where o is the sigmoid function, S defines the penalty
coefficient, and p¢ indicates the reference model. Diffu-
sionDPO (Clark et al. 2024) extends this to diffusion models
by deriving an equivalent loss over the denoising trajectory.
Under the evidence lower bound (ELBO), the log-likelihood
ratio decomposes into per-step noise prediction differences.
The final loss for flow-matching models takes the form:

EFDl}fo(@;xw,xl) =—E; [loga (fﬁw(t) - A(6,t, xw,xl))] ,

A, 2", 2") = (o (i) — 0" 13 — llver(z’) — 0"]13)
— (Ilvo(at) = o'113 = llver(at) = o'13)
@
where x!* and ! are noisy intermediates of the winner and
loser at timestep ¢, defined via x;{w = (1 — )zl 4 te.

v = e — 2% and v' = ¢ — z! are the target velocities. vy

and v are the policy and reference velocity predictions,
and w(t) is a weighting function (Ho, Jain, and Abbeel 2020;
Kingma et al. 2021).

On-Policy Distillation. On-policy distillation (OPD) ad-
dresses the distribution shift inherent in offline distillation
by requiring the student to generate trajectories from its own
current policy under real-time teacher supervision (Agarwal
et al. 2024) . For autoregressive models, this is formulated as
minimizing the reverse Kullback-Leibler (KL) divergence:

T X
»COPD = _EyNﬂ'g |:10g %(y‘)} = DKL(7T0||7Tteacher)v 3)

o (y|x)

where 7y denotes the student policy, Tiecher 1S the frozen
teacher, and y are trajectories sampled on-policy from the
student. By training on self-generated distributions, OPD
suppresses exposure bias and ensures the student receives
supervision at the states it actually visits during inference.

Our Method

Our model follows the architecture of Hunyuan3D-2.1 (Lai
et al. 2025), where the flow-matching DiT generates struc-
tured latent z € R4096%64 conditioned on the image features.
We employ a two-stage post-training strategy to optimize the
pretrained DiT model, as illustrated in Fig. 2.

Stage 1: Domain-Specialized Teacher Training

Considering the defective capability of the basic model in
rolling out high-quality samples for reliable preference learn-
ing, we first fine-tune the basic model via semi-policy prefer-
ence optimization, and then train our teacher models on top
of this fine-tuned (FT) model in stage 1.



Fine-Tuning with Semi-Policy Preference Optimization.
In this phase, offline ground-truth 3D meshes serve as the
preferred samples, while the current policy generates the re-
jected samples. Specifically, we replace 2% in A (6, ¢, %, z)
(Eq. 2) with the ground-truth latent =& to obtain the semi-
policy DPO loss L. This formulation enables the model
to optimize its own denoising trajectory along the stochastic
differential equation (SDE) or ordinary differential equation
(ODE) sampling. The overall fine-tuning loss combines Lgep;
with an mean squared error (MSE) loss function:

Lrr = Asemi Lsemi + Amse Et [||U9(£Ut) - Ugt”%} 5 4)

where Agemi = 0.2, Apse = 0.8. Based on the supervision, we
enhance the foundational capability of the basic model and
obtain the FT model for subsequent teacher model training.

Agentic Reward Design and Teacher Training. We de-
sign an agentic reward system R,, based on Gemini-3-
Flash (Google DeepMind 2025) for pairwise mesh compari-
son. Given a 3D mesh pair (M,,, M, ) and the reference image
I, our agent performs multi-round structured reasoning:

(Saasb) :Rm(MaaMhI;PmaTvC)a (5)

where P, is the dimension-specific evaluation prompt (m €
M = {orient, pose, consist}), T denotes the tool set, includ-
ing zoom-in rendering, viewpoint rotation, and difference-
map overlay, which are necessary in geometric quality eval-
uation. And C is the case memory for judgment consistency.
The agent is allowed up to four rounds of tool invocation be-
fore outputting structured preference scores (s,, sp). Com-
pared to global scalar metrics like ULIP/Uni3D, our agentic
reward provides fine-grained and dimension-specific super-
vision with multi-view reasoning. Details of prompts and
tools are provided in the supplementary material.

Building upon the agentic reward R,,, we train each
teacher vy, - via DPO. At each step, the sampling model rolls
out two candidate latents (24, xp), which are then decoded to
meshes and compared by the agentic reward to produce pref-
erence scores (4, Sp). Based on the scores, we filter out pairs
with a small margin |s, — s| < ¢ and form the winner-loser
pair (2%, '). Following Eq. 2, each teacher is optimized via:

temglch = £g¥0(9m7 xwaxl)? m E M (6)

In practice, we observe that the majority of sampled pairs
yield score differences below 4, leading to inefficient train-
ing under fully online rollout. To address this, we adopt an
iterative “rollout-then-train” strategy: the model first gener-
ates a batch of candidate pairs over multiple steps and saves
the valid ones filtered by J, then trains on this collected data
before the next rollout stage. Based on these training ob-
jectives and strategies, we obtain three domain-specialized
teacher models, each excelling at its target quality dimension.

Stage 2: Multi-Teacher On-Policy Distillation

Given three trained teacher models {vg,, }memrm, We then
integrate them into a single student vy with on-policy distil-
lation supervision in this stage.

On-Policy Distillation in Flow-Matching. Following the
OPD loss function formulated in Eq. 3, we minimize the
reverse KL divergence between the student and teacher tran-
sition kernels at each step along the student’s on-policy tra-
jectory. Under the SDE discretization (Euler-Maruyama), the
one-step transition kernel is Gaussian:

Wa(xtj+1‘xtj) :N</‘L0(xtj)7 Jt ( At; ) ) (7)
where 1 = ty > t; > ---txy = 0 define the denoising
timesteps and At; = t]+1 —t; < 0. oy, is the per-step
diffusion coefficient determined solely by the noise schedule,
and the transition mean ¢ is deterministically parameterized
by the student velocity field. The teacher transition kernel
Te., Uses the teacher velocity to compute its mean fig,, but
shares the same covariance &tz = O‘t (—At;). Since both
kernels share the same isotropic covariance, the1r reverse KL
admits a closed form:

KL(7g|7g,,) = KL(N (no, 57 1) IV (t45,., 77,1))

_ o) = po,, ()13
207, '

®)

The stochastic transition degenerates to a deterministic map
under the ODE regime, and distribution matching reduces to
direct velocity-field alignment with L2 loss. The reverse KL
defines the per-step distillation objective for a single teacher.

Hard Task-Routing and Mini-Batch Gradient Accumu-
lation. To consolidate all three teachers while mitigating
gradient interference, we introduce a hard task-routing mech-
anism. At each training step, the sample carries a data-type la-
bel m € {orient, pose, consist} that deterministically routes
supervision to the corresponding teacher vy, , so that its gra-
dient stays free from cross-teacher conflict. The routed OPD
loss aggregates per-step velocity-matching objectives along
the on-policy trajectory via:
| N1 ,

N > w(ty)|Jva(ae;) = SCG(vg,, (x1,))]]; )

J=0

[’crl’ilstill (9) =

where the stop-gradient operator SG(-) detaches the teacher
output. The weighting function w(t;) controls the distillation
strength across different denoising timestep ¢;, which equals
Aty (o, (1)) 2

= (T + *)
to a constant 1 under ODE sampling. The detailed derivation
is provided in the supplementary material.

While hard task-routing keeps each mini-batch conflict-
free, a single update from one dimension alone is still biased
toward that teacher. We therefore organize training data such
that every three consecutive mini-batches cycle through all
data types in round-robin order: orient — pose — consis-
tency. Gradient accumulation across this full cycle before
each optimizer step ensures every parameter update incorpo-
rates guidance from all three teachers simultaneously:

E&?gi]]] = ‘M| Z ‘Cdmtlll (10)
meM

under SDE sampling and reduces

In this way, hard task-routing isolates each teacher’s super-
vision at the mini-batch level, while gradient accumulation



Gemini-3-Flash GPT-5.5
Method Orient-Eval Pose-Eval Consistency-Eval Average Average User Study 1
Awins] Bwins?T Awins| Bwins?T Awins] Bwins?T | Awins] Bwins? | Awins| B wins?

FT (semi-policy) 5.5 11.2 0.5 85.1 12.4 794 | 59 549 | 157 457 | -
Orient-Teacher 2.7 22.7 0.8 89.0 30.8 532 10.3 53.0 13.4 47.3 4.14
Pose-Teacher 10.1 14.3 0.0 93.7 41.7 41.7 16.0 47.9 15.1 43.6 4.06
Consistency-Teacher 6.5 15.9 1.0 83.5 8.0 82.0 52 56.9 11.8 50.9 3.40
DPO 13.4 7.2 19.1 71.8 13.0 77.0 15.1 48.3 20.4 41.5 3.56
FT + DPO 5.9 144 0.9 91.8 14.0 76.0 6.6 57.2 14.1 44.7 4.08
OPD 10.9 10.9 0.0 93.4 15.0 79.0 8.6 573 11.6 48.3 4.36
FT + OPD (Ours) 5.1 18.8 0.0 93.5 10.0 81.0 4.9 61.0 9.9 514 4.40

Table 1: Pairwise evaluation across three quality dimensions, with cross-evaluator and human validation. Model A is the
pretrained baseline (Hunyuan3D-2.1); Model B is the evaluated model. A/B wins (%) denote the percentage of cases each is
judged superior. The left columns use Gemini-3-Flash; GPT-5.5 Avg reports averaged results under the independent GPT-5.5

evaluator; User Study reports the average human ranking score. Best results are in bold, second best are underlined.

Method | ULIPT ULIP-I  Uni3D-T  Uni3D-I
Craftsman 1.5 0.074 0.129 0.233 0.299
Michelangelo 0.075 0.115 0.206 0.261
Direct3D-s2 0.074 0.122 0.247 0.314
Hi3DGen 0.076 0.131 0.237 0.299
Trellis2 0.080 0.129 0.241 0.307
HY3D 2.0 0.077 0.130 0.245 0.315
HY3D 2.1 0.081 0.133 0.246 0314
Flow3D-OPD (Ours) | 0.083 0.138 0.252 0.321

Table 2: Comparison with previous works on 3D—text (T) and
3D—image (I) similarity calculated by ULIP/Uni3D models.
The best results are in bold.

aggregates them into a balanced consensus at the update
level, substantially mitigating the gradient interference of
multi-objective optimization.

Experiments
Experimental Setup

Training Settings. We build upon Hunyuan3D-2.1 (Lai
et al. 2025), a 3B-parameter DiT architecture for 3D latent
representation generation. Three domain-specialized teach-
ers are refined from the fine-tuned model via on-policy DPO
with learning rate 1 x 10~%, SDE sampling with noise level
a = 0.3, and a minimum confidence margin of 6 = 0.167
across 2 x 8 H20 GPUs. During the second stage, the student
is also initialized from the fine-tuned model and distilled by
randomly sampling states along the 50-step denoising trajec-
tory. To handle the imbalanced sizes of the three sub-datasets,
we employ dataset sampling with replacement across data
types. At inference, we apply classifier-free guidance with a
default scale of 3.0.

Evaluation Metrics. We adopt two complementary eval-
uation protocols. For multi-dimensional quality assessment,
we employ pairwise judgement to report the win rates across
orientation, pose, and consistency dimensions. For overall
generation quality evaluation, we report ULIP (Xue et al.
2023) and Uni3D (Zhou et al. 2024) scores to measure 3D—
text and 3D—-image cosine similarities in LATTICE-Bench

(Lai et al. 2026). We also provide qualitative visualizations
of generated 3D meshes for intuitive comparison.

Main Results

Multi-Dimensional Quality Evaluation Table 1 demon-
strates the effectiveness of our method across multiple qual-
ity dimensions. We compare the meshes generated by each
model (denoted as model B) against those from the pretrained
baseline Hunyuan3D-2.1 (Lai et al. 2025) (denoted as model
A) with our agentic verifier for pairwise evaluation. “A wins”
indicates the ratio that the baseline produces higher quality,
while “B wins” indicates that the evaluated model is supe-
rior. Compared with the fine-tuned (FT) model, each teacher
achieves strong performance on its target dimension but de-
grades on others. For instance, the orient teacher achieves the
lowest A wins (2.7%) on orientation evaluation but causes
consistency to drop significantly (30.8% A wins). This phe-
nomenon confirms that the three evaluated dimensions are
inherently heterogeneous, and agentic-based DPO can yield
substantial improvements on specific target objectives.

We further present our final Flow3D-OPD result and com-
pare with different training strategies at the bottom of the
table. Directly applying DPO on the initial model without
fine-tuning leads to degraded performance due to insuffi-
cient basic capability. Applying OPD without the semi-policy
stage yields moderate improvements across all dimensions
but falls short of the full pipeline. In contrast, our Flow3D-
OPD achieves the best overall balance: 18.8%, 93.5%, and
81% B wins ratio on orient, pose, and consistency, respec-
tively. Finally, our method consistently outperforms all teach-
ers on the averaged metrics with 61.0% B wins.

To validate the generalization and effectiveness of our
model, we additionally conduct two complementary assess-
ments on the right of Table 1. First, we employ GPT-5.5 as
an independent evaluator, which is a different model from
the Gemini-3-Flash used in the teacher training reward. Our
Flow3D-OPD model also achieves the lowest A wins (9.9%)
and highest B wins (51.4%) under GPT-5.5, confirming that
the observed improvements are not artifacts of evaluator-
specific optimization. Second, we conduct a blind user study
where human annotators rank all methods by their generation
quality from best to worst without knowing model identities.



Update Strategy A-wins | B-winsT Uni3D-I

Single-step (sequential) 7.1 59.8 0.319
Single-step (hard task-routing) 6.6 58.5 0.320
Multi-step (hard task-routing) 4.9 61.0 0.321

Table 3: Ablation on different gradient update strategies dur-
ing OPD. Best results are in bold.

Stage | Strategy ~A-wins| B-winst Uni3D-T Uni3D-I

FT ODE 6.4 51.7 0.245 0.314
SDE 5.9 54.9 0.248 0.315

OPD ODE 4.9 61.0 0.252 0.321
SDE 73 54.8 0.251 0.319

Table 4: Ablation on SDE and ODE sampling in both FT and
OPD stages (NFE=50). Best results are in bold.
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Figure 3: Distillation loss curves under different gradient
update strategies. Gradient accumulation in mini-batch ex-
hibits smoother convergence and lower final loss compared
to single-step updates.

Our method also achieves the highest average ranking score,
further validating that the improvements reflect genuine 3D
quality gains perceived by human evaluators.

Comparison with Previous Methods Table 2 compares
our method with previous 3D generation approaches on pre-
vious 3D—-text and 3D—image similarity benchmarks (Lai
et al. 2026), including Craftsman 1.5 (Li et al. 2024),
Michelangelo (Zhao et al. 2023), Trellis2/512 (Xiang et al.
2026), Direct3D-S2 (Wu et al. 2026), Hi3DGen (Ye et al.
2025), and Hunyuan3D 2.0 (Zhao et al. 2025). We evalu-
ate the global similarity with ULIP (Xue et al. 2023) and
Uni3D (Zhou et al. 2024) metrics. Results demonstrate that
our Flow3D-OPD achieves consistent gains over the baseline
Hunyuan3D-2.1 (Lai et al. 2025) across all four metrics and
outperforms all compared previous methods.

Ablation Studies

Effect of Gradient Update Strategy We compare three
gradient update strategies during the OPD stage in Table 3.
The first is single-step backward and uses sequential sam-
pling, where all samples of one dimension are processed
before moving to the next. The second is also a single-step

Loss Reward Margin
9e-3 SDE/ODE Distill Loss in OPD 18
60-3 SDE/ODE Reward Margin in FT

12

3e-3 - \\l\m/\w 6

0 200 400 600 800 1000

Figure 4: Reward margin and distill loss curves in SDE/ODE
Sampling. SDE achieves higher reward margins during FT
stage, indicating more discriminative preference pairs. ODE
converges faster and reaches a lower final loss than SDE
during the OPD stage.

backward strategy but with hard task-routing sampling. The
third is our gradient accumulation strategy with hard task-
routing sampling. The results suggest that our configura-
tion achieves the best performance across all metrics, while
hard task-routing sampling is better than sequential sampling.
Moreover, we compare the distillation loss curves of single-
step and multi-step updates under the same hard task-routing
sampling strategy, as shown in Fig. 3. Our gradient accumu-
lation strategy produces more stable distillation loss curves
than the single-step backward variant, and also converges to
a lower final loss across both total and per-task objectives.
This confirms that accumulating multi-task gradients in a
mini-batch before each update effectively prevents inter-task
interference and achieves better performance.

Effect of SDE vs. ODE Sampling We compare the effec-
tiveness of SDE and ODE sampling mechanisms across the
FT and OPD stages in Table 4. In the FT stage, SDE sam-
pling outperforms ODE across both global and specialized
metrics. We attribute this to the additional stochasticity that
generates more diverse on-policy losers and produces higher
reward margins between winner and loser pairs, as demon-
strated by the dashed curves in Fig. 4. Therefore, we initialize
the student model with FT model with SDE sampling. How-
ever, in the OPD stage, the deterministic ODE formulation
proves more effective than SDE. As illustrated in the bot-
tom of Table 4 and Fig. 4, ODE achieves better results with
faster loss convergence and lower distillation loss. This is
because the student model can align more precisely with the
teacher’s velocity field at each step without the interference
introduced by the stochastic diffusion term. This asymmetric
finding suggests that exploration diversity benefits prefer-
ence learning during model fine-tuning, while deterministic
trajectory is more suitable for distillation in the OPD stage.

Qualitative Visualization

Fig. 8 presents qualitative comparisons across various
approaches or training strategies: Hi3DGen, Trellis2,
Hunyuan3D-2,1, OPD-only (distillation without the FT
stage), and our full pipeline Flow3D-OPD model. Previ-
ous models exhibit limited capability in generating fine-
grained details, such as the geometric structures of buildings
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Figure 5: Qualitative comparison on 3D meshes generated with various approaches or training strategies. Our model produces

3D meshes with accurate and consistent structure.
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Figure 6: Visualization comparison between our model and
individual teachers on orientation (top), pose (middle), and
consistency (bottom) validation dimensions.

and the propellers of aircraft models. Our baseline model,
Hunyuan3D-2.1, produces geometrically plausible but mis-
aligned or structurally inconsistent meshes. OPD-only model
yields moderate improvements yet lacks the stable foundation
for consistent high-quality generation. Our full model pro-
duces meshes with coherent and precise multi-view structure,
demonstrating the complementary benefits of basic capabil-
ity scaling and multi-teacher on-policy distillation.

Fig. 6 further compares our distilled student model against

the three individual teacher models on their respective areas
of expertise. In the first row of orientation validation, the pose
teacher and consistency teacher fail to align the mesh to the
canonical front-facing direction, which further introduces
asymmetric artifacts in the head region, while our student
maintains correct orientation. In the second row of pose val-
idation, the orient teacher and consistency teacher produce
visible deformations at the elbows of the people, whereas
our student preserves faithful articulated pose though it is
unseen in the reference image. In the third row, our student
exhibits richer detail in the surface texture compared to the
non-specialized teachers. These results confirm that the stu-
dent model unifies the strengths of all three teachers while
avoiding their individual weaknesses in other dimensions.

Conclusion

We present Flow3D-OPD, a two-stage post-training frame-
work that first introduces multi-teacher on-policy distillation
into 3D geometry generation. In the first stage, we design an
agentic reward system for fine-grained geometric evaluation
and train domain-specialized teachers via DPO across three
quality dimensions. In the second stage, multiple teacher
distillation with hard task-routing and gradient accumula-
tion enables the student to absorb heterogeneous expertise
through velocity-field supervision along its own denoising
trajectory. Extensive experiments demonstrate that Flow3D-
OPD achieves consistent improvements across all geometric
dimensions and surpasses teachers on the averaged metric.
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Supplementary Material
Details of the Training Pipeline

Hyperparameter Configuration Table 5 summarizes the
hyperparameter configurations for all training stages. All
stages are trained with 5K steps on 2 x 8 H20(90G) GPUS.
The pipeline begins with semi-policy fine-tuning (stage 1a)
on the offline ground-truth winners and on-policy generated
losers. The resulting fine-tuned model serves as the initial-
ization for both the domain-specialized teachers (stage 1b)
and the final student (stage 2). Each teacher is trained via on-
policy DPO with Gemini-3-Flash pairwise reward using an
iterative rollout-then-train strategy to handle the low valid-
pair ratio. In stage 2, the three frozen teachers are distilled
into the student through on-policy trajectory sampling with
hard task-routing and gradient accumulation across the three
data types.

Dataset Statistics Table 6 reports the dataset sizes and the
description for each quality dimension. Specifically, in the
training stage, we curate three separate preference datasets,
one per dimension: an orientation set targeting canonical
axis alignment, a pose set covering diverse articulated human
configurations, and a consistency set emphasizing multi-view
structural and textural coherence. In the evaluation stage,
to isolate the model’s generation ability along each aspect,
we construct three dedicated test sets that mirror the three
training dimensions.
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Figure 7: The detailed pipeline of our agentic verifier.

Agentic Verifier Details

In this section, we introduce the details of the agentic verifier
used to construct preference pairs during DPO training, de-
picted in Fig. 7. The verifier is built on the Gemini-3-Flash
proprietary model and follows a structured, tool-augmented
reasoning process to compare two candidate meshes gener-

ated from the same reference image. Below we describe its
system prompt, tool call, and case-memory mechanism.

System Prompt The reward agent receives a structured
system prompt that defines its role, input context, dimension-
specific instructions, and metrics. The key components are
shown as follows.

Role and Input. The agent acts as a strict 3D geometry
review agent that compares two candidate meshes (model A
vs. model B) generated from the same reference image. It
receives: (1) the reference image, (2) multi-view rendered
images of two meshes.

Dimension-Specific Instructions. Based on the shared
system prompt, we design a dedicated instruction for each of
the three judge dimensions. In the orientation dimension, the
agent enforces canonical axis alignment and treats perspec-
tive baking as a fatal defect. In the human-pose dimension,
the agent prioritizes correct limb counts and connectivity,
then joint angles and overall posture relative to the refer-
ence. In the consistency dimension, the agent checks that
structures and texture inferred from one viewpoint remain
plausible and coherent with the reference image. The three
prompts are summarized below.

Orientation Prompt

You are a review agent focused on
canonical orientation. The generated

3D model must be aligned to the standard
world axes, while baking in the diagonal
tilt, skewed perspective, or dynamic
camera angle of the 2D reference is
strictly prohibited. For example, an
object with a dominant axis (e.g., a
trumpet, a standing animal) must have
that axis horizontally or vertically
aligned in the orthographic views, not
slanted. A bilaterally symmetric object
(e.g., a forward-facing human) must
appear macroscopically symmetric in the
front view. Any retained diagonal slant
or perspective baking is a fatal defect
and must be scored “Bad”.

Pose Prompt

You are a review agent focused on human
pose and body structure. Evaluate,

in descending priority: Macro limb
structure - exactly two arms and

two legs, each a single continuous
limb, with no forking, and with
limbs/head smoothly connected to the
torso (no floating or severed parts).
Pose accuracy - limb angles, bend
directions, and global posture must
match the reference; penalize mirrored
poses, collapsed poses, and residual
T-pose. Overall shape and accessories -
clothing, hats, and attachments should




Hyperparameter | Stage la: Semi-Policy FT |  Stage 1b: On-Policy DPO | Stage 2: Multi-Teacher OPD

Base / Initialization Hunyuan3D-2.1 (3B DiT) Fine-tuned model (1a) Fine-tuned model (1a)
DPO 3 1000 1000 -

Adpo / Adistill 0.2 1.0 1.0

DPO type Semi-policy On-policy (fully online) -

Rollout sampler SDE (a=0.3) SDE (a=0.3) ODE (deterministic)
Rollout NFE 50 50 50
Candidates per step 1 (loser only) 2 (pairs) 1
Confidence margin § - 0.167 -

Run mode End-to-end Iterative rollout/train(400/100) End-to-end

Table 5: Hyperparameter configurations across all training stages.

Dimension  Train Samples Eval Samples * Returns: The rendered images at the specified view-
Orientati 3661 133 points, plus corresponding difference maps.
rientation ,
Pose 4,083 111 render_zoom views renders zoomed close-up views
Consistency 1.063 100 for fine detail inspection.
* Parameters:
Table 6: Dataset statistics across the three quality dimensions. - zoom_configs: List of zoom viewpoints (1—

4 items), each specifying yaw, pitch, label,
and optional fov_deg controlling zoom level
(~50°=standard, ~30°=moderate zoom, ~15°=strong
zoom, ~8°=extreme close-up).

— reason: Text explanation of what detail to inspect.

Consistency Prompt * Returns: Zoomed rendered images at the specified view-

point and zoom level.

be consistent with the reference.

You are a senior 3D geometry review
agent specialized in geometric
consistency. Your task is to evaluate
how faithfully two 3D models reproduce
the geometric or textural structures e Parameters:
visible in the reference image
(Image-to-3D consistency). You evaluate
whether the 3D model accurately

different_overlap outputs a heatmap that facili-
tates the agent to evaluate the difference.

— image_index: Theindex of the rendered image pairs
that the agent needs to compare.

reconstructs what is shown in the * Returns: Difference heatmap between the rendered im-
reference image -- silhouette match, ages of the two meshes from the same viewpoint
structural element count, proportions,
and geometric details. You do NOT Case Memory Mechanism The agent maintains a case
evaluate orientation alignment or memory of previously judged hard examples to improve
artistic style —-- only consistency with judgment accuracy. Before evaluating a new pair, the sys-
the reference. tem retrieves similar past cases (based on object category)
and includes them as few-shot examples in the context. This
Tool Interface Specifications The agent has access to mechanism addresses the variance inherent in VL.M-based
three tools during evaluation: evaluation by anchoring judgments to established precedents.
render_extra_views renders additional viewpoints Derivation of OPD in Flow-Matching
of both models for closer inspection. We provide the complete derivation of reverse-KL on-policy

distillation (OPD) objective in Eq. 9. Let g and 7y, denote

* Parameters: - - .
the student and teacher policies. The denoising trajectory

— angles: List of viewpoints (1-6 items), each of the student policy is defined as xo.n = (Ttg,-- -, Tty ),
specifying yaw (0=Front, 90=Left, 180=Back, where 1 = ¢9 > ¢; > --- > ty = 0. Considering the
270=Right), pitch (O=eye-level, =30=tilted, denoising process is Markovian, we decompose the whole
+90=top/bottom), label (descriptive name), and OPD objective into stepwise KL along the student rollout:
optional render_normal (boolean).

— reason: Text explanation of why these views are Lopp(8) = Evy ooy szKL(m)(_ l2e,) || 7o (L)) |, (11)

needed. =



where g (- | 2¢,) and 7y, (- | 2, ) are the student and teacher
one-step transition kernels at the same state x;.

For flow-matching denoising with SDE sampling, we
discretize the reverse time by Euler—Maruyama with step
Atj = tj+1 — tj < 0.Leto; = a\/t/(l — t) be the SDE
diffusion coefficient with global noise level a, and define
vg(x¢;) and vg,, (2¢,) for the student and teacher velocity
fields in ¢;. The student SDE step is:

Ty, =y, + {’Ue + 2t (th + (11—t )Ug)]At + o/ —Atjej

(1 b )vg At; + Ot/ —At; €j
(12)
where £; ~ N(0,1;), and vg := wvy(y,). Collecting the
deterministic drift as the transition mean and the noise term as
the covariance, the one-step kernel is the isotropic Gaussian:

wo(- | we;) = Npo(ry), 67 1a), 01, =01, (=At;), (13)

o
= (1 + T‘;At]’)l‘fv —+ (1 +

where the mean is defined as:

o2 o; (1
po(xe;) = <1+%At )xt +(1+17

The transition kernel in the teacher policy 74, is defined
in a similar formulation:

T (- | 21,) = Mg, (21,), 7,1a),

”% oy (1-t;)
b () = (1o At )y, + (14 5oy, At

)W At;. (14)

15)

Because the covariance 5?,- 14 is identical, 7y and 7y, ,
differ only in their means. For two d-dimensional Gaussians
with common isotropic covariance ) :

KL (1, ) IV (2, 32)) = 3 (= p2) "2 (gun — #2)'16

(16)

Applying (16) to the kernels (13) and (15) gives the per-
step KL as:

Ipo(e) = pou (@)l j9,
2Uti

KL(mp(- | @1,) | 7o, (- | 21,)) =

Subtracting fi¢,, (z¢;) from pg(x,), the state-dependent
terms cancel, and only the velocity-dependent term remains:

ﬂQ(xtj) — Ko, (xtj) =
or (1—t;)
(1 + e )Atj (vo(xt,) = vg,,(x1,)).  (18)
Substituting (18) into (17), the per-step KL becomes a
weighted squared velocity difference:
KL(m; I 7T¢m) = w(tj)va(.rtj) — Vg, (.rt].)Hz,

wity) = G (1 4 TBUY?_ Al (0u(128) 1y

20?2 2t 2
J

Qtj Tt j
(19)
Based on Eq. 19, we apply the stop-gradient operator
SG() to the frozen teacher. The final OPD objective is the
time-weighted velocity-matching loss £, (6), defined as:

2

—1

E (20)

wity) os(e,) = SG(vg, (21,) |

T0:N~PS,0

<.
Il
o

Deterministic (ODE) regime. Setting the noise level a —
0 makes the transition deterministic: for a given xy,, the
student and teacher each induce a single transition target.
Distribution matching then reduces to pointwise matching
of the predicted velocities, and the reverse-KL objective is
replaced by a direct squared Ly, loss, which is formulated as:

N—
DUONNZJse Z ||U9 ‘rt SG(U¢7rL(Itj)>||§ ’ (21)
7=0

which is the ODE instantiation used in our OPD stage. This
closed-form, zero-variance objective is the flow-matching
analogue of the per-step KL distillation used for autoregres-
sive models, replacing high-variance policy gradients with
direct backpropagation through the student velocity field.

Additional Experiments

Impact of the CFG Weights We further study the effect
of the CFG weight w in both the training and the inference
stages, as reported in Table 7 and Table 8. During the OPD
stage, we find that using the velocity field predicted under the
default conditional signal (i.e., w = 1.0, without classifier-
free amplification) as the distillation target yields the best
student, indicating that the raw conditional guidance already
provides a sufficiently informative supervision signal. At in-
ference time, the model performs best under the default CFG
configuration used in Hunyuan3D-2.1 (w = 3.0), which bal-
ances conditional fidelity and generation quality.

A-wins/B-wins

CFG Scale w Orient-Eval Pose-Eval Consist-Eval
w=1.0 5.1/18.8 0.0/93.5 10.0/81.0
w = 3.0 7.1/17.6 1.0/91.9 15.7/77.5
w = 6.0 7.1/17.9 0.0/88.7 14.0/75.3

Table 7: Per-dimension ablation on the CFG scale w used for
the teacher during the OPD stage. Best results are in bold.

CFG Scalew A-wins | B-wins ULIP-I Uni3D-I

w=1.0 323 385 0.133 0.314
w = 3.0 4.9 61.0 0.138 0.321
w = 6.0 52 60.6 0.137 0.320

Table 8: Ablation on the CFG scale w during inference after
OPD. Best results are in bold.

More Quality Visualization In this section, we provide
additional quality visualizations, as shown in Fig. 8. These
cases are based on meshes generated by our Flow3D-
OPD and further post-processed with LATTICE for high-
resolution refinement.



Figure 8: The quality visualization of the refinement in our Flow3D-OPD



