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Abstract

Reinforcement learning (RL) post-training aligns diffusion-based generators with
human preferences, yet existing RL methods suffer from poor compatibility with
off-policy learning and few-step distilled models. These limitations are espe-
cially severe in the video generation area, as practical video generation pipelines
often rely on few-step distilled generators. Furthermore, due to complex spatial-
temporal dynamics and higher dimensions, near-on-policy video rollouts are both
expensive to collect and often imperfect. Relying on such rollouts alone can
amplify artifacts and is prone to reward hacking. To address these issues, we pro-
pose Forward-Consistent Reward Matching (FCRM), an efficient off-policy
RL framework for video generation. FCRM converts the forward denoising loss into
a positive loss-induced score and formulates the reward alignment as a one-step
GFlowNet matching problem. The resulting residual is pointwise in a clean sample
space that naturally supports off-policy learning and few-step generators. To avoid
biased gradients, we introduce a double-sampling estimator for the squared resid-
ual objective. Theoretically, minimizing the proposed matching residual bounds
the KL divergence between the learned distribution and the optimal reward-tilted
distribution. Experiments on standard video generation benchmarks validate FCRM
across online, replay, offline, and few-step settings and outperform SOTA methods.

1 Introduction

Video generation models have seen rapid advancements, largely driven by diffusion models and flow
matching techniques [16, 24, 35] that iteratively map simple noise distributions to complex, high-
dimensional videos. These advances have enabled increasingly capable video generators [5, 7, 8, 38].
However, these models use likelihood- or matching-based pretraining objectives, which do not directly
optimize for human preference, prompt faithfulness, or aesthetic quality [4, 13]. Reinforcement
learning (RL) post-training has emerged as a crucial step to bridge this gap, enabling models to
optimize for external reward signals.

Early diffusion RL methods formulate the reverse sampling process as a multi-step Markov Decision
Process, yielding policy-gradient-style methods such as DDPO, DPOK, and, in the flow-matching
setting, Flow-GRPO [4, 13, 25]. However, such a reverse-process RL relies on explicit estimation of
the backward trajectory’s likelihood, which requires costly multi-step SDE rollouts during training.
More recent work instead formulates post-training in clean-sample or forward-process space, e.g.
Advantage Weighted Matching (AWM) and DiffusionNFT [42, 48]. This paradigm maintains what
we call forward consistency. The RL objective is defined via the forward noising process used in the
pretraining, rather than through a discretized reverse-time trajectory. This makes the objective less
tied to the particular reverse-time solver used at deployment.

Workshop: Decision-Making from Offline Datasets to Online Adaptation: Black-Box Optimization to Reinforcement Learning.
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However, existing diffusion RL post-training methods have been designed and experimentally val-
idated primarily in the image domain. Video generation presents unique challenges that require a
different paradigm. From an inference perspective, video generation is substantially more computa-
tionally expensive than image generation. Consequently, practical video generation pipelines often
rely on few-step generators obtained via distillation [12, 32, 45, 47]. Some recent work proposes
jointly optimizing distillation and RL [20]. However, we argue that models require continuous im-
provement post-deployment. RL should serve as a flexible component applied after step distillation,
necessitating RL methods that are compatible with few-step models. From a training perspective,
video models are more susceptible to visual artifacts and reward hacking than image models due
to complex spatial-temporal dynamics. Video evaluation encompasses numerous subjective and
complex dimensions, such as motion naturalness, temporal consistency, and aesthetic quality. A
single proxy reward model struggles to capture perfectly. Online rollouts can easily exploit the blind
spots of these imperfect reward models, causing artifacts to be gradually reinforced during training.
Therefore, video RL training requires a natural mechanism to incorporate high-quality off-policy (or
offline) data, which can anchor the learned distribution and effectively mitigate reward hacking.

Unfortunately, existing diffusion RL methods cannot directly satisfy these requirements for video
generation. Reverse-process RL methods require explicit trajectory likelihoods, which makes them
incompatible with few-step distilled generators. While recent forward-process methods bypass the
need for multi-step rollouts, they still struggle with off-policy learning. In particular, AWM plugs
the forward surrogate into a GRPO-style objective, which is still near-on-policy. DiffusionNFT
interprets its supervised surrogate as an implicit policy-improvement operator, but this equivalence
relies on solving the surrogate to optimality under a fixed behavior policy. In practice, the behavior
policy is typically an Exponential Moving Average (EMA) sampler that changes throughout training,
making the target non-stationary. More generally, neither perspective formulates RL post-training
as pointwise matching with a specified target distribution in a manner that is inherently compatible
with off-policy learning. Consequently, these approaches cannot fully exploit offline video datasets
or temporally outdated replay samples within the RL training pipeline.

To overcome these challenges, we propose FCRM (Forward-Consistent Reward Matching), a
forward-consistent approach that operates purely in a forward loss-induced sample space. We first
convert the per-sample forward denoising loss into a positive score on clean samples, which defines an
unnormalized terminal density. Then we formulate RL post-training as a one-step GFlowNet matching
problem and match the normalized density to a reward-tilted target via the standard GFlowNet detailed
balance condition [3]. This gives a conceptually simple objective with three practical properties
relevant for video generation. It is forward consistent by construction. Because the target is defined
pointwise in a clean-sample space, it supports off-policy learning by design, allowing it to seamlessly
adopt replay or offline data. It is fully compatible with few-step distilled generators. Furthermore,
although our method is designed in the forward loss-induced space, it is not merely a heuristic
surrogate disconnected from the original clean-sample RL objective. We theoretically derive a bound
demonstrating that minimizing our forward loss-space matching objective bounds the divergence
between the learned clean-sample distribution and the optimal reward-tilted clean-sample distribution.
Our contribution can be summarized as follows:

* We propose FCRM, which frames diffusion RL post-training as a one-step GFlowNet matching
problem in the forward loss-induced space. The resulting objective is forward consistent,
naturally supports off-policy learning, and is directly compatible with few-step distilled
video generators, making it suited for video generation.

* We establish a theoretical connection between loss-space matching and the original clean
sample RL objective, clarifying when forward loss matching recovers the optimal KL-
regularized RL solution on the clean sample distribution.

» Empirically, we develop a practical optimization recipe using a double-sampling surrogate
for unbiased gradients, and validate the method on diffusion video RL post-training across
online, replay, offline, and few-step settings.

2 Problem Setup

RL Training Goal. Let ¢ denote a condition, such as a text prompt, and let oy € RP denote a
clean sample. In our setting, xo may represent a video latent, but we use the generic notation x for
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Forward-consistent Reward Matching

i i )
Behavior Policy Forward noising process | Current Lg (%0, €) SEEE
x; = a(m)xy + o(1)e Model —> |Sg(%0,€)

Condition ¢ LY )

— Reward Matching
(o )

I | . ’ Frozen Lref(xo' c)
Monte Carlo reference| — Rden(xo,c)
(\' % % Shared noise Vyef (X0, ©) Z
. . ~— o .. Target unbiased
Online offline [ /~ One-Step GFlowNet A residual
Replay | ) double
EMA Data ! Zy(c) = exp(by(c)) : sampling
\ J i i
! i log F — log R |
Behavior | root state i
distribution i den | unbiased
i S = —|R X0, C)| !}
uGxol) L (5 Fop = 20150000, (%0) -” 0,0} gradient

-

Figure 1: Overview of FCRM. Left: The off-policy formulation allows for flexible sampling from
an online EMA model, replay buffers, and offline data to construct the behavior distribution. Top:
Clean samples are perturbed using the standard forward noising process with shared Monte Carlo
noise. Bottom: Denoising losses are converted into loss-induced scores. We match the edge flow
from a condition-specific root state (s.) to the terminal sample (z() against a target terminal reward.
A double-sampling strategy is used to compute an unbiased gradient of the matching residual.

simplicity. A pretrained conditional diffusion model induces distribution g (g | ¢). Let myer = 7y,
denote a fixed reference model. Given a reward r(z¢, c)! and reward temperature (3, our high-level
goal is to improve expected reward under the generator:

1
X B ey 1oy [ (20, €)] = Z D (o (- | €) [ e (- €)) M
For each condition ¢, the corresponding optimal target is the reward-tilted distribution 77 (zo | ¢) x
mref (o | ¢) exp(Br(xo,c)). The difficulty is that the exact clean-sample likelihood is generally
unavailable for diffusion models. Rather than optimizing Eq. (1) directly, we define an analogous
reward-tilted target in a loss-induced space built from the forward denoising loss and match the
corresponding loss-space density. This preserves the forward denoising structure while avoiding
explicit clean-sample or trajectory likelihood estimation.

Forward consistency. Let {m-|o(- | 20)}rc[0,1] denote the fixed forward noising process used in
pretraining. This forward process induces the joint coupling 7 (2, 2o | ¢) = mg(zo | ¢) Trjo(27 |
o) and hence the time-7 marginal density path 7y - (- | ¢) = [mg(z0 | ¢) 7r0(2+ | 20) dxo. We
say that a post-training objective is forward consistent if its learning signal is defined through this fixed
forward kernel and the induced density path {mg - },¢[0,1) rather than through a solver-dependent
reverse-time trajectory law. In continuous time, {7y, },¢[o,1] €volve under the Fokker—Planck
equation [35].

3 Method

3.1 Preliminaries

Forward Denoising Loss. The key object in our formulation is the standard forward denoising loss.
This is the same primitive used in diffusion pretraining, which is why the resulting objective remains
forward consistent. We begin from the standard forward noising construction:

Lr = a(T)xO + U(T)Ev TE [Oa 1]7 €~ N(Oa I)a )

'We use advantage as a stabilization heuristic in implementation (see Appendix D). The theoretical target is defined using
the reward 7.
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where «(7) and o (7) are noise schedule functions that define the signal-to-noise ratio at time 7. Let
vg (., T, ¢) denote the output of the neural network under v-prediction parameterization. Accordingly,
let u(7, 20, €) = a(7)e — o(T)x( denote the corresponding supervised v-prediction target. We define
the per-sample forward denoising loss:

Lowo;¢) = Ere[w(r) [va(er, 7. 0) = u(r.z0,0)[3], 3

where w(7) is a positive weighting function for the loss schedule (e.g., SNR weighting), 7 is drawn
from a fixed training-time distribution on [0, 1] (e.g., uniform), and € ~ N(0,I). Throughout,
Lot (z0; ¢) denotes the same quantity evaluated under the fixed reference model 0,.¢. Our next step
is to convert this denoising loss into a positive sample-wise score. This lets us define the learning
problem in a forward loss-induced space, without introducing reverse-time trajectory likelihoods.

Loss-Induced Scores. We define a positive loss-induced score as Sy (2o, ¢) = exp (—%Ce({ﬂo; c))

Large values of Sy (xg, ¢) correspond to samples that the current model denoises well, while poor
denoising yields exponentially smaller scores. The scale v controls how aggressively denoising-loss

differences are converted into log-score differences. Sy induces a normalized loss-space density:

qa(zo | ¢) = %. ga°™ is, in general, not the diffusion-induced marginal distribution

mg(zo | ¢). It is the density induced by the forward denoising quality. Our algorithm matches densities
in this loss-induced space first and then, through the ELBO-consistency result (see Appendix E),
transfers that solution back to a statement about the clean-sample distribution.

3.2 Loss-Space Reward Matching

With denoising quality converted into a positive score, reward alignment can be phrased as a one-step
GFlowNet [3] terminal matching problem.

One-step GFlowNet View. For each fixed condition ¢, we consider a one-step DAG with root
state s. and terminal state for each clean sample xy. The unique action from s, is to emit a terminal
sample x(, so actions and terminal states are in one-to-one correspondence.

This viewpoint is natural for video generation, because the object that finally receives a reward is
the clean terminal sample x(, while the internal denoising path may be generated by any black-box
sampler. A one-step GFlowNet view lets us separate the unnormalized target from its normalizer and
yields a residual whose fixed point is pointwise in (xg, ¢), which makes it off-policy compatible.

One-step GFlowNet Residual. Following the definition of GFlowNet, we define the root flow
as Zy(c) = exp(by(c)), where by (c) is a condition-dependent scalar parameterized by a separate
neural network with weights ¢. It acts as a learnable flow scale and log-normalizer which absorbs the
unknown normalizing constant of the loss-induced score.

The edge flow from the root state s. to the terminal state zg is defined as:
1
Fy.o(sc = x0) = Zy(c) So(zo,¢) = exp (b¢(c) - ;E@(.’IJ(); c)) .

For a reward temperature 3 > 0, let the terminal reward be Rge“(mo,c) =

exp (Br(xo, c) — %Eref(.’l:(); c)) . This target is large when the sample both receives high external

reward and low denoising loss under the reference model. The corresponding normalized loss-space

den
%, where Z§°"(¢) = [ RY™(xo, ¢) do. With the above edge flow
and terminal reward defined, we can now perform GFlowNet matching, a well-established GFlowNet
training method to align flows with the reward. Since each terminal state zo has exactly one incoming
edge and no outgoing edges, the standard GFlowNet detailed balance condition reduces to matching
the edge flow directly to the terminal reward:

target is g5 (zo | ¢) =

Fy,p(sc = x0) = R3™ (20, ).
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Taking logs yields the residual:
90.6(x0, ¢) == log Fy 4(sc — xo) — log Rgen(xo, ¢)

1 @)
= bg(c) — Br(zo,c) + ;(;Cref(lﬂo; ¢) — Lo(zo;¢)).

The object is a loss-space, one-step GFlowNet residual that matches a positive edge flow to a terminal
reward. This construction turns diffusion RL into a one-step GFlowNet matching problem over clean
samples, without requiring exact sample likelihoods or reverse-time trajectory likelihoods. Intuitively,
Eq. (4) encourages the model to decrease denoising loss relative to the reference on high-reward
samples. At any zero-residual solution, Sy(xg,c) = exp(—b¢(c))Rg°n(:c0,c). Therefore, after

normalization over z, the learned loss-space density satisfies g™ (zo|c) = q5(wolc). The scalar

by (c) absorbs the target normalizer.

Although the algorithm above is defined entirely in the forward loss-induced space, it is not merely
a heuristic surrogate detached from the original RL objective. In Appendix E, we show that, under
the standard ELBO-consistency assumption for denoising losses, residual matching in loss space
transfers to the clean-sample reward-tilted target 75 (o | ¢) o e (20 | ) exp(3r(zo,c)). When
the loss-space residual is small and the ELBO-gap mismatch is controlled, the learned clean-sample
distribution remains uniformly close to the optimal reward-tilted clean-sample distribution (see
Proposition 3). This justifies the faithfulness of our GFlowNet formulation.

Off-Policy Compatibility. Let (- | ¢) be a behavior distribution with adequate coverage of the
high-reward region. We optimize:

\7(0; ¢) = Hl‘:cwp(c), zor~p(-|c) [ga,qﬁ('rOv 0)2] . ©)

As in GFlowNet residual matching, the desired fixed point gg (o, ¢) = 0 is pointwise in (z, ¢). In
particular, any representable zero-residual solution is a global minimizer of Eq. (5) for any p whose
support covers the relevant region. In the realizable zero-residual limit, our target does not change
with the behavior distribution y. Thus the method is naturally off-policy compatible and can exploit
stale or offline samples. In practice, the behavior distribution p still affects the optimization via the
variance and coverage. We therefore study EMA sampling (see Appendix D.4), replay, and fully
offline data as a behavior distribution in the experiments. In Appendix D, we show that our method
could be extended directly to few-step generators, which are often the practical choice for video
generation.

Offline Data. As noted by Ye et al. [44], online policy optimization in video generation is noto-
riously vulnerable to reward hacking and the degradation of visual fidelity. To mitigate this, we
incorporate offline video data primarily to anchor the learned distribution against reward exploita-
tion. Concurrently, the incorporation of offline videos can reduce the computational overhead of
online sampling. However, we view the primary benefit of incorporating offline videos as provid-
ing high-quality off-policy terminal samples that broaden the training support and stabilize reward
optimization.

A key design choice in our approach is that offline videos are excluded from the group-relative
advantage computation used for online samples. Instead, we decouple the online and offline streams
into parallel FCRM objective branches. This formulation preserves the pointwise residual-matching
nature of FCRM, allowing offline videos to act seamlessly as off-policy terminal samples. Importantly,
we do not augment the objective with an auxiliary supervised denoising loss. Because offline data
is optimized strictly through the FCRM residual, this integration functions as a principled offline RL
component rather than a heuristic supervised fine-tuning (SFT) or data-regularization penalty. The
offline branch implementation details can be found in Appendix D.2.

3.3 Monte Carlo Estimation and Practical Objective

The exact denoising loss Ly(zo; ¢) in Eq. (3) is itself an expectation over (7, €). In practice, we
estimate it using shared Monte Carlo samples.
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Shared-noise Loss Estimator. We sample Ny, i.i.d. pairs {(7},€¢;)} ;-V:mf and define

N

1
N > w(my) v (@, 75, ¢) = uly, zo, €)|13- (©6)
mc le

-~

Lo(x05¢) =

We reuse the same (75, €;) to estimate both L9 and Ly, ,. This common-random-number construction
reduces the variance of the loss difference. We form the stochastic residual as: gy ¢(zo,c) =

by(c) — Br(zo,c) + l(Eref(a:o; c) — Eg(l‘o; 0).

Y

Unbiased Gradient Estimation. The objective 7 (0, ¢) contains the square of an inner expectation,
so replacing g, ¢ by a single Monte Carlo estimate yields a biased stochastic gradient (see Proposi-
tion 1). To avoid this bias, for each sample (g, ¢), we draw two conditionally independent noising
batches, denoted A and B, and construct two unbiased residual estimates %47 o and %3: e We then use
the double-sampling surrogate as the final objective:

Tptain (0, 0) = Eerp(o), zo~n(-le), 4.5 [G0,6(%0, €) G5 (0, 0] )
Because §(;47 (0, ¢) and ’g}f (0, ¢) are conditionally independent and unbiased for gy, (o, c), we
have E {@g" +(T0,¢) G5 4 (20, €) ’ T, c} = g9.4(70,c)?. In practice, we implement the correspond-

ing unbiased gradient using the symmetrized stop-gradient surrogate: sg(?jﬁ (o, c))ﬁf, (o, €) +
sg(§£¢(x0, c))ﬁgfqﬁ(xo, ¢), where sg(+) denotes stop-gradient.

4 Related Work

RL Post-Training for Diffusion Models Early approaches [4, 13] to diffusion RL primarily
formulated the reverse sampling trajectory as a multi-step Markov Decision Process (MDP). Recent
advancements leverage Group Relative Policy Optimization (GRPO) [34] to align diffusion and
flow-based models (e.g., Flow-GRPO [25]). To address the high variance and credit assignment
challenges inherent in multi-step denoising, various trajectory structuring techniques (e.g., TempFlow-
GRPO [15], Branch-GRPO [22], Chunk-GRPO [26], Dance-GRPO [43]) and dense reward stabilizers
(e.g., Dense-GRPO [11], GARDO [14]) have been proposed. Despite these algorithmic improvements,
backward-process RL inherently requires simulating full sampling trajectories during training. Most
prior work in this line has focused on text-to-image models. Our emphasis is on video generation,
where rollout cost is substantially higher.

To bypass the cost of backward-process RL, recent works have shifted to the forward process [10,
42, 48]. Advantage Weighted Matching [42] uses a forward denoising surrogate to estimate clean-
sample likelihoods and performs advantage-weighted updates in that surrogate space. Similarly,
DiffusionNFT [48] operates on the forward process, framing RL post-training as an implicit policy-
improvement operator constructed from positive and negative samples. While our method also
operates in the forward process, our distinction is that we define an explicit positive target distribution
in loss space and optimize a pointwise residual whose definition does not depend on the behavior
distribution. This makes our method fully compatible with off-policy learning and few-step generators.
The replay and offline-data reuse are especially natural in our formulation, whereas prior forward-
space methods have been presented and evaluated primarily in near-on-policy settings.

Implicit RL Post-Training for Diffusion Models Parallel to explicit-reward RL, implicit RL
methods attempt to align diffusion models from preference data. Diffusion-DPO [37] adapts Direct
Preference Optimization [30] to diffusion models by formulating the objective over the implicit
reward defined by the diffusion model’s score function. GPO [9] and DGPO [27] extend this to
group-level preferences, while GDRO [40] reframes the log-likelihood ratio into a cross-entropy
training objective. These methods optimize empirical preference-learning objectives defined over
comparison data or sampled preference groups from the implicit reward, rather than matching a
fixed explicit reward-tilted target distribution. Consequently, changing the underlying pairwise or
groupwise data distribution generally changes the optimization problem [2, 36]. This differs from the
off-policy setting studied in this paper, where the target is fixed by an explicit reward function and
reference model, while the behavior distribution affects only coverage and variance.
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Table 1: Main Video-Level Evaluation Results on Wan 2.1-1.3B. We compare FCRM against baselines
on VBench for fine-grained video evaluation and on video-level Latent Reward for human-preference
evaluation. Bold indicates the best performance, and underline indicates the second best. GPU-h
indicates the total training time. We evaluate the video score on six dimensions using VBench.

Video-Level VBench Comprehensive Evaluation
Method GPU-h| Latent VBench Temporal Consistency Motion Quality Visual Quality
Rewardf Avg T Subject  Background = Smoothness Dynamic  Aesthetic  Imaging

Wan 2.1-1.3B (4 NFE) - 2.39 79.30 96.42 95.76 98.94 54.40 61.48 68.81
Flow-GRPO (28 NFE) 57.0 2.07 78.09 95.39 95.77 98.43 51.40 61.55 66.01
AWM (4 NFE) 18.6 4.12 80.04 97.12 95.80 98.77 54.80 63.54 70.23
DiffusionNFT (4 NFE) 18.0 3.10 76.71 96.31 95.69 99.04 46.91 55.58 67.04
FCRM 19.2 4.03 80.63 96.75 95.91 98.99 57.00 62.87 72.26

S Experiments

5.1 Experiment Setup

Evaluation Setup. We implement our proposed method within the Flow-Factory framework [29].
For training, we randomly sample 20,000 text prompts from VidProM [39]. For evaluation, we reserve
a disjoint set of 500 VidProM prompts. To comprehensively evaluate the quality and alignment of our
generated videos, we employ a diverse suite of metrics. Specifically, we use VBench [18] for fine-
grained, multi-dimensional video generation evaluation. Additionally, we assess frame-level visual
quality, text-alignment, and human preference using established metrics including PickScore [21],
CLIPScore [19], HPSv2.1 [41], and Aesthetic scores [33]. All videos are generated at resolution
480 x 832 with 41 frames using the 4-NFE few-step Wan 2.1-1.3B generator [46].

Implementation Setup. We evaluate our approach using the Wan 2.1-1.3B video generation
model. A key practical advantage of our off-policy formulation is its flexibility in data collection.
Consequently, our training leverages a hybrid data mixture: online samples generated via an EMA
of the behavior policy, mixed with offline data to regularize the training dynamics and mitigate
reward hacking. We include the implementation details for offline video incorporation and the
hyperparameter details in Appendix D.

Reward Computation. To avoid costly video decoding during the RL training loop, our default
implementation uses a latent-space video reward model. Given a generated terminal latent xy and
prompt ¢, the reward model directly outputs a scalar score 7 (o, ¢) in the generator’s latent space.
The reward model is trained separately, kept frozen during FCRM training, and used only as a detached
evaluator. This latent-space design substantially reduces training cost because it avoids VAE decoding
for every sampled video. It also matches the latent-domain training setup of modern video generators.
The latent reward model uses the frozen Wan 2.1-1.3B video diffusion backbone as a noise-aware
feature extractor. Intermediate spatio-temporal DiT features are extracted from the latent stream
and combined with the model’s text features. A lightweight query-based aggregation head then
cross-attends to these visual-text tokens and maps the aggregated representation to a scalar reward.
We compare against pixel-space reward computation in the ablation study, where generated latents
are decoded to RGB videos before being scored.

Data Collection. To test our off-policy capabilities, we evaluate FCRM under several behavior
distributions: fully on-policy sampling, hybrid EMA sampling, replay-buffer sampling, and offline
video data. For EMA sampling, videos are generated from an exponential moving average of the
current model. For replay, we maintain a FIFO buffer of previously generated samples and reuse
them as off-policy data. The replay buffer is capped at 20000. The reward is computed once when the
sample is inserted into the buffer and reused during subsequent training. At training time, the replay
samples are drawn uniformly from the current buffer. Once inserted, a sample remains available until
removed by FIFO eviction. For offline training, videos are encoded into the generator latent space
and treated as fixed off-policy samples.
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Table 2: Frame-Level Human Preference Evaluation. Comparison of our proposed FCRM against
baselines on standard image-level preference metrics.

Method Steps PickScore 1 HPSv2.11 CLIPScore Aesthetic T Avg T
Wan 2.1-1.3B few-step 20.65 26.37 28.27 6.04 20.33
Flow-GRPO multi-step 20.32 24.63 29.16 5.93 20.01
AWM few-step 21.20 27.10 28.49 6.34 20.78
DiftfusionNFT few-step 20.37 26.93 28.20 5.69 20.30
FCRM few-step 20.99 27.38 28.65 6.27 20.82

5.2 Main Results

Table 1 reports the video-level evaluation results on Wan 2.1-1.3B. Compared to the pretrained few-
step generator, FCRM improves the latent reward from 2.39 to 4.03 and improves the VBench average
from 79.30 to 80.63. Compared to AWM and DiffusionNFT, FCRM achieves the best VBench
average and the best image quality score, while remaining competitive in temporal consistency and
visual quality. These results indicate that FCRM improves reward alignment without sacrificing the
standard video-quality metrics measured by VBench. Table 2 reports the frame-level evaluation.
FCRM achieves the highest average score and obtains the best HPSv2.1 and CLIPScore. This
suggests that the gains from FCRM are not limited to the latent reward model used during training,
but also transfer to independent frame-level preference alignment metrics.

Table 3: Comprehensive Ablation Study on FCRM Components. We evaluate the impact of reward
formulation, optimization space, data collection strategies, and generator types.

Configuration Latent Reward T VBench Avg T HPSv2.11  AestheticT  PickScore 1
Wan 2.1-1.3B (4 NFE) 2.39 79.30 26.37 6.04 20.65
FCRM (Default) ‘ 4.03 80.63 27.38 6.27 20.99
Reward Target

w/ Reward 2.56 79.20 26.15 6.08 20.68
Reward Space ‘

w/ Pixel-Space Reward 2.47 77.71 26.14 6.20 20.91
Data Collection Strategy ‘

Fully On-policy 3.27 79.18 26.65 6.13 20.41

Fully Offline 2.98 79.31 26.49 6.17 20.88
Replay Filter

Positive-only Replay 3.96 78.44 26.59 6.10 21.11

Unfiltered Replay 3.82 80.10 28.57 6.18 21.07

Negative-only Replay 275 76.43 25.56 5.92 20.04
Generator Type

Multi-step Model (28 NFE) ‘ 2.07 78.09 24.63 5.93 20.32

5.3 Ablation Study

Detached normalized advantage vs reward. We compare the reward objective with the practical
detached group-normalized advantage used for stable optimization. As illustrated in Fig. 2, when
optimizing the reward directly, the matching loss continuously decreases, yet the latent reward mean
fails to improve. This indicates that the model easily minimizes the residual without meaningfully
shifting the policy towards high-reward regions. In contrast, the normalized advantage provides a
robust relative learning signal, effectively driving reward improvement.

KL Divergence Penalty. Following Flow-GRPO [25], we explored adding an explicit KL penalty
loss to the FCRM objective with varying coefficients {0, 0.01, 1}. We observe that tuning this penalty
is notoriously difficult. As in Fig. 2, a high coefficient overly restricts the policy and punishes reward
learning, whereas a low coefficient loses its regularizing effect as training progresses. Instead of
relying on a fragile KL penalty, FCRM enables a new paradigm of data-level regularization. By natively
accommodating off-policy and offline data, FCRM anchors the learned distribution to high-quality
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data, naturally stabilizing the optimization and preventing reward hacking without the need for
sensitive KL tuning.

Lightness Reward. We train FCRM with a simple dense reward equal to the mean frame luminance
and visualize four prompts at training steps 0, 80, and 160. The training is conducted with a fully-
offline and off-policy setting. We only use the offline MixKit dataset [23] without online generated
videos. As in Appendix Fig. 3, the overlaid luma_mean increases consistently with training, while
the initial visual fidelity and prompt alignment is maintained.

Replay-buffer composition. Within the replay setting, we ablate the composition of the replay
buffer by retaining only positive-advantage samples, only negative-advantage samples, or all samples
without filtering. As shown in Table 3 and Fig. 7, the negative-only replay performs the worst in
all replay variants, with a latent reward of 2.75 and a VBench average of 76.43. Qualitatively, the
negative-only replay also produces severe artifacts as the training progresses. This is consistent
with the fact that negative-advantage samples induce a one-sided suppression signal in the loss-
induced score space. This behavior is analogous to the “squeezing effect” [31] analyzed in the
learning dynamics of LLMs finetuning, where repeatedly applying negative update signals to already
low-preference regions can shift the probability mass to uncontrolled modes.

The positive only and unfiltered replay strategies also did not achieve notable reward improvements
or effective mitigation of reward hacking. Replay improves sample reuse, but the replay buffer is still
populated by model-generated samples. As reward maximization progresses, generated samples can
exploit blind spots of the reward model. Once such samples enter the replay buffer, their artifacts
may be repeatedly reinforced during subsequent updates. This is especially problematic for learned
video reward models, which are generally imperfect. Therefore, replay should be viewed as a
sample-efficiency mechanism rather than a sufficient anti-hacking mechanism. In our default setting,
we instead use hybrid online—offline training so that high-quality offline videos provide a stronger
data-level anchor.

Pixel-space Reward. We compare pixel-space rewards versus latent-space rewards. We adopt
PickScore as the pixel-space reward model, following [29]. As shown in Table 3, optimizing with a
pixel-space reward yields an inferior performance in most metrics compared to our default latent-space
reward. In contrast, the latent-space reward aligns better with the generator’s native representation,
while bypassing the prohibitive computational cost of VAE decoding during the RL loop.

6 Conclusion

We introduced FCRM, a forward-consistent off-policy RL post-training method for video generation.
By converting the forward denoising loss into a loss-induced score and matching it to a reward-tilted
target through a one-step GFlowNet residual, FCRM is naturally compatible with replay buffers, offline
data, and few-step distilled generators. We further provided a double-sampling estimator for unbiased
residual-gradient estimation and established a theoretical connection between loss-space matching
and KL-regularized clean-sample reward optimization. Empirically, we conducted experiments using
Wan base models and tested on multiple video evaluation benchmarks. FCRM provides an effective
recipe for efficient video RL post-training across online, replay, offline, and few-step settings.
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A Broader Impacts

Our work presents an efficient approach to align large-scale video generation models with human
preferences and external reward signals. A primary positive impact of FCRM is its significant
reduction in the computational resources required for RL post-training. By bypassing the need for
expensive multi-step reverse trajectory rollouts, our method lowers the barrier to entry for fine-tuning
foundational video models. This democratization allows smaller research labs and organizations to
align models without requiring massive compute clusters, while also contributing to a reduction in
the carbon footprint associated with training large-scale Al systems.

As with any algorithmic advancement that improves the capabilities of generative Al, there are
general, dual-use implications. Enhancing the visual quality and prompt-faithfulness of video models
could marginally lower the effort required for malicious actors to generate misleading synthetic media
or misinformation. Furthermore, because FCRM is designed to efficiently optimize a given reward
signal, it is susceptible to "garbage in, garbage out" dynamics. If the external reward model contains
societal biases, the fine-tuned video generator may inadvertently reflect or amplify those biases.

However, because FCRM is a general-purpose optimization algorithm rather than a standalone
consumer application, these risks are not unique to our method. They are best mitigated at the
deployment and application levels through responsible reward model design, strict usage guidelines,
and the integration of synthetic media provenance techniques, such as robust digital watermarking.

B Future Works

In this work, we introduced FCRM, a forward-consistent, off-policy RL framework for video
generation. By framing diffusion RL as a one-step GFlowNet matching problem in the forward
loss-induced space, FCRM bypasses the prohibitive costs of multi-step reverse trajectory unrolling.
Furthermore, it seamlessly accommodates few-step distilled generators, hybrid offline samples, and
replay buffers, making it highly practical for modern video generation pipelines. FCRM provides
a highly efficient alternative to traditional trajectory-based RL, and it also opens several promising
avenues for future research. Although our objective is compatible with the off-policy, which means
that the target residual remains consistent regardless of the behavior policy, the choice of data
collection still influences the variance of the optimization process. Future work could explore more
sophisticated exploration strategies to further accelerate convergence. FCRM achieves massive
computational savings by eliminating multi-step sampling during training. However, to maintain
an unbiased gradient estimator, our current practical implementation utilizes a double-sampling
surrogate, which requires two forward passes per training step. An interesting direction for future
research would be to investigate variance-reduced single-sample estimators or memory-efficient
approximations to further reduce the memory footprint during fine-tuning.

C Additional Related Work

Video Generation Models Video generation has been advanced by diffusion models and flow
matching techniques. Early methods extended image diffusion priors to the temporal domain,
enabling high-fidelity video generation [5, 8, 17]. More recently, Flow Matching [24] and Diffusion
Transformers [28] have emerged as highly scalable methods for modeling video distributions. State-
of-the-art models include Sora [7] and Wan 2.1 [38]. These models are primarily optimized for data
likelihood during pretraining and do not explicitly optimize for downstream human preferences,
aesthetic quality, or prompt alignment. Our work studies RL post-training on top of the pretrained
video generators with an emphasis on few-step distilled models and efficient, off-policy training, as
video generation is increasingly computationally heavy.

D Implementation Details

D.1 Architectural Design of b

The log-normalizer is implemented as a condition-dependent scalar network, rather than a fixed
global constant. It takes the frozen text-encoder prompt embedding as input, mean-pools token
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embeddings when the input is sequence-shaped, and passes the resulting condition vector through a
lightweight MLP with SiLU activations and hidden size as 256 by default. The final linear layer is
zero-initialized, so the normalizer initially contributes no offset and is learned from the residual.

D.2 FCRM with Offline Data

This section describes the hybrid online—offline training recipe used in our experiments. The key
design choice is that offline videos are not inserted into the same group-relative advantage computation
as generated videos. Instead, we keep the online generated-sample branch and the offline video
branch as two separate FCRM objectives. This preserves the pointwise residual-matching form of
FCRM while allowing offline videos to serve as off-policy terminal samples.

Online Advantage Calculation. In minibatch optimization, when a group {yc(()i)}iG:1 ~ (-] c)
is drawn for the same condition ¢, one may form the detached group-relative normalized advantage
A6 — (@) 0)-¢ YL, r@f )

Vo S0 (60— & S8 6l 0)
when computing gradients.

—. The group statistics are treated as detached constants

Offline Video Branch. Let D,mi, denote the offline video dataset with captions. Each sample
consists of an offline video latent and its caption. At each epoch, we sample Nymine unique MixKit
caption-video pairs. The video is encoded into the generator latent space and is treated as an off-policy
terminal sample. Unlike the online branch, no generated videos are required to form the residual. For
each sample, we compute the reward. Since each caption is typically paired with only one video,
group-relative normalization within a caption is not available. We therefore use source-level reward
normalization over the offline branch. At epoch e, we compute the batch mean i, and second moment

.. We maintain exponential moving average statistics and define o, = \/max (m. — p2,02, ).

min

The detached offline normalized advantage is then computed with GRPO-style reward normalization.

Offline FCRM residual. The offline branch uses the same FCRM residual-matching principle as
the online branch. The only difference is that the outer samples are videos drawn from Dymine. The
offline residual uses a source-level scalar log-normalizer b,gmine. We use a source-level normalizer
because each caption has only one video. An unconstrained caption-dependent normalizer trained on
this branch could otherwise absorb much of the single-sample residual without producing a useful
generator update. As an alternative implementation, we also consider using the caption-dependent
normalizer from the online branch while stopping its gradient on offline samples. This preserves
condition-dependent normalizer values while preventing the offline branch from being solved by
updating b, alone. We use the same double-sampling residual estimator used in the main FCRM
objective.

Signed versus nonnegative offline advantages. The signed offline advantage corresponds to
a reward-weighted offline RL interpretation. High-reward offline videos are assigned positive
advantages, while lower-reward offline videos receive negative advantages relative to the reward
baseline. We also consider a conservative nonnegative variant:

Oe+ €

A\oﬂiine,+ = clip (7' *+,L"e + ayp, 0, Amax) , 1)

where ag > 0 is an optional offset. We set ap = 1.0 in our experiments. This variant treats videos as
positive offline anchors and avoids assigning negative advantages to offline video samples.

Mixed objective. The final hybrid objective combines the online generated-sample and the offline
FCRM branch with Aomine to control the relative strength of the offline branch. In our implementation,
the number of offline samples per epoch is chosen to match the number of online generated samples.

Pure offline setting. We also evaluate a pure-offline variant. The training uses only offline video-
caption pairs. Equivalently, the behavior distribution is the empirical distribution over offline
video-caption pairs. This gives a fully offline FCRM update. No generated training rollouts are used,
but the model is still optimized by reward-matching through the FCRM residual.

15



598

599
600
601
602
603
604

605
606

607
608

609

610
611
612

613

614

615
616
617
618
619

620

Table 4: Hyperparameters for FCRM.

Hyperparameter Value
Reward temperature (3 1
Loss-score temperature -y 1
Group size G 32
N, mc 1
Timestep distribution p(7) Uniform
Loss weight w(7) Uniform
Sampling steps [1000, 757, 522]
Replay buffer size 20000
Optimizer AdamW
Learning rate for 6 1.0e-4
Learning rate for ¢ 1.0e-3
Weight decay 1.0e-4
Gradient clipping 1.0
Batch size 768
EMA decay n 0.9
Hardware 4xNVIDIA H200

D.3 Extension to Few-step Generators

Extension to a Distribution Matching Distillation (DMD)-distilled model. The compatibility
with few-step generators is a central practical advantage of our formulation. Suppose now that the
pretrained generator is a K -step distilled model with a fixed timestep set Trx = {71,...,7x} C [0, 1].
We keep the notation 7y (¢ | ¢) for the terminal distribution induced by running this K -step sampler.
Since the distilled model is queried only on T, we replace Eq. (3) by the schedule-aware denoising
loss:

£59 @036) = Brmopry e [w(r) [volr, 7,0) = u(r, 30, 3]

where pr7,. is any distribution supported on 7 (e.g. uniform). Let ﬁi?(:z:o; c) = £éf:f) (z0; C).
Accordingly, the objective is replaced by

1
géf;)(a:o,c) = by(c) — Br(zo,c) + 5(/:%?(:50;6) _ ,C(SK)(JCO;C)).

The shared-noise Monte Carlo estimator in Eq. (6) is modified only by drawing timesteps from p,. .
with the same common-random-number reuse between 6 and 6,..¢.

D.4 EMA Sampling

In particular, online fine-tuning uses outer samples xo ~ u(- | ¢), where in the distilled K -step
setting the behavior policy  may be chosen either as a frozen copy of the current K -step distilled
sampler or the EMA weights,

[ = Tgold, 014 < 7 6°'d 4 (1 —n) 0, n €10,1).

E Theoretical Results

E.1 Unbiased Gradient Estimation

Proposition 1 (Bias of the Naive Squared Estimator). Fix ¢, and let zg ~ u(- | o).

Suppose Go 4(x0,c;T,€) is an unbiased single-sample Monte Carlo estimator of gs ¢(zo,c),

ie, B [go.6(xo, ;7€) | wo,¢] = gog¢(x0,c). Define the true objective J(8,¢) =

Egompn(-le) (90,6 (20, ¢)?], and the single-sample naive estimator fnaive(G, ®) = Go.o(z0,0;7, €)%
en:

Exo,‘r,e[jnaive(ea (b)} = j(67 (b) + EmQNIJ,(*|C) [Var‘r,e (/9\9,¢(x07 CT, 6) | Zo, C)] .

Hence Jyaive is upward biased whenever the Monte Carlo variance is nonzero.
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Proof. For fixed (xo, ¢), the variance identity gives

E- c[Go.6(w0,¢;7,€) | 20, ¢] = (Brc[Go,6 (20, ¢; 7, €) | @0, ¢])* + Var, . (Go.6(w0, ¢ 7€) | 70, ¢) -

By unbiasedness,

E;e[Go.6(20,;7,€)° | 2o, c] = go,6(w0,¢)* + Var, . (Go,4(z0,¢; T, €) | 2o, ) .

Taking expectation over 2o ~ u(- | ¢) yields

Eﬂ?oy‘l',é[j\naive(gv d))} = j(@, ¢) + ETL'()N/L(‘lc) [Var‘l'yﬁ (/9\9,¢(x07 G, 6) | Lo, C)] .

Since the variance term is nonnegative, the naive estimator overestimates the true objective in
expectation, with strict bias whenever the variance term is positive. O

E.2 Connection to the Clean-Sample RL

Proposition 2 (ELBO calibration for rectified-flow v-prediction). Fix a condition c. Let
O=mp<m<--- <71 <1

be a discretization of the noising time T used in the method section. Under the rectified-flow noise
scheduler,
Ty, = (1 — 7)mo + Ti€, e~ N(0,1),

and the supervised v-prediction target is v*(7;, 2o, €) = (1 — 7;)e — 7;20. Consider the Gaussian
forward chain whose marginals match this scheduler:
1—-m7
2 i 2 2 2.2
q(xTzz ‘xTi—l):N(aixTi—l’siI>7 a; = 11—+ 1’ S =Ty —Q;T;i_q-
i

Let the reverse transition have fixed variance py(z.,_, | T-,,¢) = N(pp.i(xr,,c), V2 1), where v}

2
is independent of 0. Parameterize the reverse mean by pg ;(x,,,c) = ai (xﬂ. — ‘i—?eg(wn s Tis c))
TiZr;, +(1=Ti)ve (27, ,Ti,C)

=2 e Let Eg(xo | ¢) be the per-sample ELBO of this

Gaussian chain. Then there exists a function (xg, ¢), independent of 0, such that

where €9(z,,,T;,¢) =
LEBO (205 ¢) = —7E(z0 | €) + Ky (@05 C).

where LEYBO(xg;¢) = A1, AiBenr0,1) [||v9(xn,7i,c)—v*(n,xme)Hg, and N\; =
s?(lf‘ri)2
2V$a?TE((17T1)2+T12)

2

Proof. The chosen forward chain has the desired marginals because

a;i(l=—m-1)=1—m, a?t? | +s? =12
Hence
q(z+, | 20) = N((1 = 73)xo, 721).
The exact posterior mean satisfies
~ 1 s2
p’i('xﬂ,axo) =\ T € Try = (1 — Ti)l‘o + T;€E.
1 K3

For ¢ = 1, this gives i1 (2+,, o) = o.

The negative ELBO can be written as

T
1 2
—&p(z0 | ¢) = C(o,¢) + ZEq(wnlwo) [2V2 115 (27,, @0) — po,i(Trs )3 5
i=1 i

where C'(zo, ¢) is independent of 6. Moreover,

2
5i

fi (T, 20) — po,i (X7, ) = —— (€g(xr,, T, ¢) — €).
a;T;
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By the v-prediction parameterization,
1—r 1

m (’U@(Z'-,—i,’ri,c) — U*(Ti7370,€)) .

€p(xr,, T,0) —€=

Therefore,
211/2_2 IFii (s w0) = po,i(@rs 3 = N l|v(@ry 73 €) = v* (73, 0, €) 5.
Substituting into the ELBO decomposition gives
T
—&y(xo | ¢) = C(xg,c) + Z/\iEENN(O,I) [||v9(a:n,7'i,c) — U*(Ti,$0,€)”§ )
i=1

Taking x = C proves the first claim. Multiplying by « and absorbing —yC'(zg, ¢) into £ (zo, ¢)
proves the second claim. O

Theorem 1 (Transfer from loss-space residual matching to reward-tilted likelihood matching). Fix c.
Let mp(xq | ¢) and et (o | €) be the clean-sample marginals of the current and reference models.

Let (o | ¢) = ”“f(wo‘c)zeg(a()m(“’c)) and Zg(c) = [ met(xo | €) exp(Br(zo, ¢)) dxo. Assume Ly

and Lyer are ELBO-calibrated as in Proposition 2. Let Eg(xq | ¢) = logmp(zo | ¢) — Ap(o, ¢), and
do(z0,¢) = Ag(xo, ¢) — Aret(x0, ). With gg 4 defined in Eq. (4),

exp(gg7¢(xg, C) + dg (‘TOa C))
Exrs (1) [exp(g0,6 (X, €) 4 6 (X, )]

mo(zo | ¢) = mh(zo | €)

Proof. By ELBO calibration,

%(Lref(mmc) — Lo(wo;¢)) = (o | ¢) — Ere (0 | €).

Using & = logmp — Ag,
1 (2o | €)

(L (03€) = Lo(ros ) = log 22 2L — by, o
Therefore,
mo (%o | €)
=b — log ——5 — 4 .
90,6(20, ¢) = by (c) — Br(zo, c) + log Tt (@0 ] ©) o(o, )
Since (20 | 0
ms(zo | c
log ———= = pBr(xg,c) — log Zs(c),
we obtain Z5(0
_ %) 5
Moo ) = o (o | ) explan w0, €) + dolan, ).
Integrating both sides over x( gives
Zs(c) -1
————— = (Exr(c X, dg (X, .
exp(by(c)) ( X (-] ylexp(ge,6(X, ¢) + dp( C))])
Substitution proves the claim. O

Proposition 3 (Uniform closeness). Under the assumptions of Theorem 1, fix c¢. If
90,6 ) + 00 Ol < 2o then Dict, (mol- | |3 | €)) < 22

Proof. Leth(zo,c) = gg,4(x0, ) + dg(x0o, ¢), by Theorem 1,

log Z;((ZZZ'Z)) = h(xg,c) — log Exrms (o) [exp(h(X, c))].
Since ||A(+, €)oo < €,
—&. < log EX~w;(~|c) [exp(h(X, )] < €.
Thus
Dxr, (mo(- [ )[|[75( | €)) = Extarmy (o) [(X, €)] = 10g Ext s (o) lexp(h(X, ¢))]

<e.— (—€c) = 2¢,.
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E.3 Extension to DMD-Distilled Few-Step Generators

Let mg i (2o | ¢) be the induced DMD terminal distribution. Let 7. x be the corresponding

stribu _ etk (%0]c) exp(Br(z0,c)) .
reference distribution, and define 75 (7o | ¢) = £ OZM{ © =2, The same denoising

network also defines an auxiliary coarse diffusion model on the K-step grid, with terminal density
pp% (zo | ¢). The practical DMD-FCRM residual is as defined in Appendix D.3.

For theoretical analysis, we work on a bounded domain 2. C R” which contains the support of
all clean samples for a given condition c¢. We assume §).. is sufficiently regular so that the standard
Poincaré inequality [6] holds (e.g., §2. is convex and bounded or has a Lipschitz boundary). Let
|- |2 and || - || L denote the usual Lebesgue norms on 2.

Lemma 1 (DMD Fisher control). Fix c and let wp (- | ¢) be the terminal distribution of a K -step
distilled generator, and let py' (- | ¢) be the auxiliary coarse diffusion density induced by the same

denoising network on the K-step timestep grid. Assume ). satisfies a Poincaré inequality: there
exists Cp(c) > 0 such that for every smooth function f on Q,

1f = Fllizz@ < Cr(O) IV llz20.),

f L ch f- Then there exists a constant ag, k (c) (the average of log =2 PR = ) such that

where =
Q2]

iy | C
og LD o) < Onte e 10) = Viogp (- )
pe,K(' | c)

L2(2) b8

In addition, the DMD loss Lpmp (0; ¢) controls the score discrepancy in L? as

p(c) V1o mok (- | €) = Viog (- | ) < Creg(€)V/Lorm (0: ),

L2(Q)

then

\./

log 7o, K(: ||

aux

S Creg(c) ‘CDMD(Q;C)-
Pz (-

0 —ag,k(c)

L2(£)

Proof. Set f(xg) = log 01200 Then v f = Vlog mo,x (- | ¢) — V1ogpg'i (- | ¢). Applying the

'1ux ('t ‘(‘)
Poincaré inequality to f and taking ag x (c) = f gives the first bound. The second bound follows
directly from the DMD student score training loss. O

Theorem 2 (DMD-calibrated FCRM guarantee). Fix c. Assume the following:
1) FCRM residual matching: ||g9 o HLDO(Q ) < Ematen (€).

2) ELBO calibration: The aulezar coarse d usion losses satisfy Proposition 2 and the
posterior-gap mismatch sansﬁes 6‘““‘ S es(c).

3) DMD Loss Optimization®: There exist constants ag, K(C), aret, i (¢) and Chreg () satisfying
Lemma 1.

Then the KL divergence between the learned generator mp g (- | ¢) and the optimal reward-tilted
distribution is bounded by

Dicw(mosc(-| )| wh e | ) < 2[smm<c> + Cres(e) (VEorp (#: ) + v/Lomp (ref; )

+ 55(0)] .

2We need an L°° control on the log-ratio, which can be obtained by a standard Sobolev embedding [1] (e.g., the L? bound
on the gradient implies an L°° bound on f — f). In practice the DMD loss is trained to make the score difference pointwise
small, so we directly assume the stronger L°° estimate.
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694 Proof. From the ELBO calibration (Proposition 2) and insert it into the definition of ggf o After
695 rearranging we obtain

o,k (2o | ©)

7T-1ref,K(JUO ‘ C)

7y 1 (2o | ) Tref, K (%0 | €)

— (log ——————= —ag,x (c ) + (log’i — Gref, K c)
(o i o oy ~ "0 P elao o) ek

- 53}11? (xO, C)a

696 where by (c) = by (c) — ag. i (¢) + arer x (¢). Define h(zo, ¢) = by(c) — Br(xo, ¢) +log %
697 Then from the above identity, '

T, K Tref, K
h(zg,c) = géfqb(mo,c) + (log o ae,x) - (10g fix - aref,K) + 06K -
pe K pref,K

s

ggf(z,(xo,c) = g¢(c) — pr(zo,c) + log

698 Taking L°° norms and applying the three assumptions yields

IR(; )l 0.) < Ematen(c) + Creg(c)(\/EDMD(G; c) + \/L’DMD(ref; c)) +es(c) =: Blc).

Tref, K (To|c) exp(Br(zo,c))
Zg,k(c)

s99  Now note that 75 ;- (o | c) =
700 ing over x( gives

. Consequently, exponentiating and normaliz-

exp(h(xo,c))
EXN‘ITZ;‘K(‘l(Z) [exp(h(X, C))] '

701 Because ||h| L < B(c), following the proof of Proposition 3, the KL divergence is

DKL (WQ,K”’]T;},K) = EXN,,‘—&K [h(X7 C)] - log EXN“E,K [exp(h(X, C))]
< B(¢) = (=B(¢)) = 2B(c),

mo.x (w0 | ¢) = 75 (20 | €)

702 which completes the proof. O

703 F Examples

704 F1 Prompts

s \

Full Prompt for Fig. 3

<Row 1> A person with a worried and puzzled expression, standing in a dimly lit room. They have a
furrowed brow, slightly parted lips, and their eyes are wide with concern. Their posture is tense, with
one hand pressed against their forehead. The background features shadowy walls and a single desk with
scattered papers. The lighting casts dramatic shadows, highlighting the person’s emotions. Medium
close-up shot focusing on the person’s face and upper body. </Row 1>

<Row 2> A young woman named Lily, with curly brown hair and green eyes, stands in a dimly lit room
filled with ancient books and mystical artifacts. She holds a well-worn book tightly, her face illuminated
by a soft, warm glow from a nearby candle. Lily wears a flowing, emerald-green robe with intricate silver
embroidery, symbolizing her connection to the magical world. She takes a deep breath, her eyes narrowing
in concentration as she begins to chant softly, her voice echoing in the room. The air around her swirls with
a faint, shimmering mist, indicating the activation of magical energies. The scene is captured in a medium
close-up, focusing on Lily’s determined expression and the magical aura surrounding her.</Row 2>
<Row 3> Create a scene with a sense of emptiness and solitude. An old, abandoned house at dusk,
surrounded by overgrown grass and tall weeds. The house has a dilapidated wooden porch with peeling
paint and broken railings. Dark clouds fill the sky, casting long shadows across the yard. The windows
are boarded up, adding to the eerie atmosphere. The scene should convey a feeling of abandonment and
desolation. Wide shot, static view.</Row 3>

705 L J
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Full Prompt for Fig. 4

<Row 1> A serene and holy scene featuring a young brother and sister standing beside Jesus Christ. The
brother, with medium-length brown hair and a gentle smile, is dressed in a traditional tunic. His sister, with
long blonde braids and a joyful expression, wears a flowing white dress. They both have their hands folded
in prayer, looking up at Jesus with reverence and love. Jesus, depicted with long hair and a beard, stands
tall and serene, offering a comforting gaze towards the siblings. The background showcases a tranquil
garden setting with lush greenery and blooming flowers, bathed in soft, golden sunlight. Medium shot,
static scene focusing on the three figures.</Row 1>

<Row 2> A colossal inflatable Soviet robot from the 1950s era attacks New York City, its metallic surface
gleaming under the dim city lights. The robot is adorned with Soviet-era insignias and emits vibrant red
and blue lasers from its eyes and arms. It stands towering over iconic landmarks such as the Chrysler
Building and the Empire State Building, causing chaos in the streets below. The scene is filled with vintage
cars, bustling crowds in period attire, and a sense of impending doom. The camera captures the robot’s
massive form in a wide shot, emphasizing the scale and intensity of the attack.</Row 2>

Full Prompt for Fig. 5

<Row 1> A serene group of four friends, two males and two females, all in their early twenties, walking
leisurely along a sandy beach at sunset. They are wearing casual summer attire, with one male carrying a
backpack and the other holding a surfboard. The female friends have sun-kissed skin and are laughing and
chatting animatedly. The sky is painted with soft hues of orange and pink, and the waves gently lap against
the shore. The scene captures their joyful camaraderie and the peaceful ambiance of the beach. Medium
shot showcasing the group moving together towards the camera. </Row 1>

<Row 2> A vibrant and colorful scene showcasing fresh vegetables in a kitchen setting. The video starts
with a close-up of a crisp green lettuce leaf, then smoothly transitions to a medium shot of a large cabbage
with tightly packed leaves. Next, it pans to a close-up of a bright orange carrot with its greens still attached.
Each vegetable is displayed in high detail, emphasizing their textures and colors. The camera remains
static during each shot, focusing solely on the individual vegetables. </Row 2>

Full Prompt for Fig. 6

<Row 1> A young woman in black leggings and a warm, cozy coat walks down a snowy street. She has
fair skin, blonde hair tied in a ponytail, and wears a determined yet calm expression. Snowflakes gently fall
around her as she strides confidently, leaving clear footprints behind. The street is quiet, with snow-covered
buildings and trees lining both sides. The background shows a peaceful winter scene with occasional
streetlights casting a soft glow. The camera follows her from a medium distance, maintaining a steady shot
as she continues walking. </Row 1>

<Row 2> A realistic depiction of a powerful tornado swirling through a bustling city at dusk. The tornado
is vividly detailed, with swirling red and blue clouds creating a dramatic and intense atmosphere. Debris
and vehicles are being lifted and scattered by the fierce winds. The cityscape includes towering skyscrapers
and smaller buildings, all affected by the storm’s destructive force. The scene is captured from a mid-range
aerial perspective, emphasizing the scale and power of the tornado. </Row 2>

Full Prompt for Fig. 7

<Top-left> A one-minute long cinematic video featuring a young woman walking alone on a rainy night
street. The girl is dressed in a black waterproof jacket and jeans, wearing a dark hat and carrying an
umbrella. Her face is illuminated by the occasional street lamp, casting dramatic shadows. The rain
falls steadily, creating reflections and puddles on the wet pavement. The background showcases dimly lit
buildings and neon signs. The video captures her determined stride as she navigates through the busy urban
environment. Shot in a mix of close-ups and medium shots, emphasizing the atmospheric feel of a rainy
city night.</Top-left>

<Top-right> A serene group of four friends, two males and two females, all in their early twenties, walking
leisurely along a sandy beach at sunset. They are wearing casual summer attire, with one male carrying a
backpack and the other holding a surfboard. The female friends have sun-kissed skin and are laughing and
chatting animatedly. The sky is painted with soft hues of orange and pink, and the waves gently lap against
the shore. The scene captures their joyful camaraderie and the peaceful ambiance of the beach. Medium
shot showcasing the group moving together towards the camera.</Top-right>

21




Step 160

luma_mean = 0.302

luma_mean = 0.242 e luma_mean
-

gt - o

Figure 3: Fully offline FCRM training with a lightness reward. We display the outputs for four
different prompts at training steps 0, 80, and 160, with the corresponding mean frame luminance
(luma_mean) score overlaid on the top left of each frame.

<Bottom-left> A high-speed Phantom camera captures a detailed slow-motion sequence of a water droplet
splashing into a pool, revealing intricate patterns of ripples and droplets. The droplet is perfectly round
as it hits the surface, creating a mesmerizing display of fluid dynamics. The camera focuses closely on
the splash, showcasing the fine details of the water interaction. The scene is set against a plain, dark
background to highlight the splashing action. Close-up, static shot.</Bottom-left>

<Bottom-right> Close-up underwater perspective of fish swimming in a tranquil pond. The camera focuses
on the graceful movements of the fish as they glide through the water, their scales shimmering in the
soft sunlight filtering through the surface. Schools of small fish dart around gracefully, while larger fish
occasionally pass by, creating gentle ripples. The background features blurred aquatic plants and sunlight
beams dancing through the water. The scene is serene and full of life, with natural motion capturing the
fluidity of the fish’s.</Bottom-right>

710 L J
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Figure 4: Qualitative comparison of generated video frames using our proposed FCRM, AWM, and
DiffusionNFT. The figure displays the initial, middle, and last frames of videos generated from two
distinct text prompts. The top two rows show a serene scene featuring a brother and sister standing
beside Jesus Christ, while the bottom two rows depict a colossal inflatable Soviet robot attacking
New York City. See full prompts in Appendix F.1.
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Figure 5: Qualitative comparison of generated video frames using our proposed FCRM, AWM, and
DiffusionNFT. The figure displays the initial, middle, and last frames of videos generated from two
distinct text prompts. The top two rows show a group of four friends walking leisurely along a sandy
beach at sunset, while the bottom two rows display a vibrant close-up of fresh vegetables, including
cabbage and a carrot, in a kitchen setting. See full prompts in Appendix F.1.
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Figure 6: Qualitative comparison of generated video frames using our proposed FCRM, AWM, and
DiffusionNFT. The figure displays the initial, middle, and last frames of videos generated from two
distinct text prompts. The top two rows feature a young woman in a black coat walking down a
snowy street, while the bottom two rows depict a powerful tornado swirling through a bustling city at
dusk. See full prompts in Appendix F.1.
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Figure 7: Qualitative comparison of generated video frames across different replay-buffer filtering
strategies. The panels display sample frames generated at training steps 0, 80, and 160 using Positive-
only Replay (top row), Unfiltered Replay (middle row), and Negative-only Replay (bottom row). Full
prompts can be found in Appendix F.1.
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