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Abstract. Accurate future video prediction requires both high visual
fidelity and consistent scene semantics, particularly in complex dynamic
environments such as autonomous driving. We present Re2Pix, a hierar-
chical video prediction framework that decomposes forecasting into two
stages: semantic representation prediction and representation-guided vi-
sual synthesis. Instead of directly predicting future RGB frames, our
approach first forecasts future scene structure in the feature space of
a frozen vision foundation model, and then conditions a latent diffu-
sion model on these predicted representations to render photorealistic
frames. This decomposition enables the model to focus first on scene dy-
namics and then on appearance generation. A key challenge arises from
the train-test mismatch between ground-truth representations available
during training and predicted ones used at inference. To address this,
we introduce two conditioning strategies, nested dropout and mixed su-
pervision, that improve robustness to imperfect autoregressive predic-
tions. Experiments on challenging driving benchmarks demonstrate that
the proposed semantics-first design significantly improves temporal se-
mantic consistency, perceptual quality, and training efficiency compared
to strong diffusion baselines. We provide the implementation code at
https://github.com/Sta8is/Re2Pix.

1 Introduction

Video prediction plays a central role in autonomous systems, where anticipating
how a scene will evolve is essential for long-horizon reasoning and decision mak-
ing [15,17,21]. In driving scenarios, the ability to accurately forecast how visual
scenes evolve, from the motion of vehicles and pedestrians to the subtleties of
lighting and occlusions, is not merely a perceptual convenience but a prerequisite
for safe planning [18,63,73]. Yet learning such predictive models from raw video
requires simultaneous mastery of high-level semantics (what objects are present
and how they interact) and photorealistic details (how the scene appears) across
temporal scales, a challenge that remains largely unsolved.

Most modern approaches adopt an end-to-end paradigm: future frames are
predicted directly in the latent space of a VAE, typically using diffusion mod-
els [26,50]. While effective, this paradigm suffers from a fundamental limitation:
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Fig.1: Overview of the proposed Re2Pix hierarchical framework during in-
ference. In Stage 1, semantic features hi.ps of the context frames are extracted from a
vision foundation model (VFM) encoder E}, and fed into a masked feature transformer
to autoregressively predict (in frame-wise way) future semantic VFM features h MA1:K -
In Stage 2, both the past le;M and predicted features iLM+1;K condition the diffusion
transformer G, to generate future VAE latents Zar41.x, which are then decoded into
RGB future frames.

semantic structure and fine-grained visual details are deeply entangled within the
same latent representation. Consequently, the model must simultaneously infer
scene dynamics and render photorealistic appearance, often leading to temporal
semantic inconsistencies such as object identity drift, structural degradation, or
flickering artifacts. More fundamentally, this entanglement slows convergence,
increases data requirements, and makes it difficult to reason about or control
each component independently. Recent work has attempted to inject semantic
structure into diffusion models by aligning intermediate features with pretrained
representations via auxiliary distillation objectives [84,86]. While such alignment
can guide representation learning, the diffusion model still performs forecasting
and rendering within a single latent space, leaving their roles implicitly coupled.

We ask a different question: can semantic forecasting and visual synthesis be
explicitly separated, while still enabling coherent generative prediction?

Our primary contribution is to introduce a hierarchical framework that de-
composes video prediction into two interacting but distinct stages. First, we
forecast future scene structure in the feature space of a frozen vision founda-
tion model (VFM). These representations capture high-level semantics while
abstracting away low-level appearance. Second, we condition a latent diffusion
model on the predicted representations to render photorealistic frames. This
separation yields a structured predictive pipeline: the first stage models tem-
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poral dynamics in a representation space, while the second stage specializes in
appearance synthesis conditioned on forecasted structure.

This clean separation, however, introduces a critical challenge. During train-
ing, the diffusion model has access to clean, ground-truth semantic features from
future frames. At inference, it must instead rely on autoregressively predicted
features, which inevitably accumulate errors. Naively supervising the generator
solely on clean semantics creates a severe train—test mismatch: the model over-
fits to near-perfect conditioning signals and degrades sharply—often producing
blurry or incoherent outputs—when exposed to noisy, imperfect forecasts. We
demonstrate that bridging this distribution shift is essential for effective hierar-
chical video prediction.

Our second, technical contribution lies in modeling this bridge between se-
mantic forecasting and generative synthesis. We adopt an early fusion strategy
that token-wise merges VFM features with VAE latents at the input level, pro-
viding stable conditioning without increasing token count. To mitigate the con-
ditioning mismatch, we introduce two complementary strategies. First, nested
dropout stochastically truncates feature channels during training, encouraging
robustness to errors in the forecasted representation. Second, mized supervi-
sion exposes the generator to both ground-truth and predicted features (90/10
mixture), directly regularizing against over-reliance on idealized semantics. To-
gether, these mechanisms enable the diffusion model to operate reliably under
imperfect, autoregressively predicted features.

Concretely, our framework, Re2Pix, extracts semantic representations using
a frozen VFM encoder such as DINOv2 [49], and trains a lightweight masked
Transformer to autoregressively predict future features in this space. A latent
video diffusion model, implemented with a DiT backbone [50] in the VAE latent
space [69], is then conditioned directly on the forecasted semantic features to ren-
der future frames. In contrast to alignment-based approaches such as REPA [84]
and VideoREPA [86], which encourage feature similarity between diffusion and
semantic spaces, we treat forecasted VFM representations as an explicit inter-
mediate generative variable.

Our main contributions are:

— We introduce Re2Pix, a hierarchical semantic-to-pixel framework that sepa-
rates video forecasting into semantic representation prediction and semantics-
driven visual generation. To our knowledge, we are the first to demonstrate
that VFM feature prediction can effectively guide hierarchical video diffu-
sion.

— We propose two robust conditioning strategies—nested dropout and mized
supervision—to close the train-test gap and improve robustness to imperfect,
autoregressively generated features.

— Extensive results demonstrate that Re2Pix achieves substantial improve-
ments over strong baselines in temporal semantic fidelity and perceptual
quality, while significantly accelerating training convergence (up to 7x for
generation and 14x for segmentation metrics).
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2 Related Work

Video Generation and Prediction. Video prediction has evolved from autore-
gressive models operating directly in pixel space [14, 19,40, 46, 66, 72] to hier-
archical and structured approaches that model temporal dynamics more effec-
tively [27,45,70,77,79]. Transformer-based architectures have further advanced
the field by leveraging autoregressive or masked modeling objectives to capture
long-range temporal dependencies [22, 71,82, 83]. State-of-the-art video predic-
tion systems typically operate in the latent space of a learned variational au-
toencoder [37,55,69], where generative models predict future latent codes rather
than raw pixels [8,18,22,82,83]. Recent models trained on large-scale video data
produce temporally coherent, photorealistic sequences [9, 24,52, 80]. In control-
lable or world-modeling settings, Vista [18] offers a generalizable driving world
model with precise spatiotemporal control, while Cosmos-Predict [1,3,48] and
Cosmos-Transfer [2] enable multi-modal conditional generation for simulation
and robotics.

Unlike these approaches, which predict future frames directly in pixel or VAE-
latent space, our method introduces a hierarchical formulation that first forecasts
high-level VFM semantic features and then generates pixels conditioned on them.
This design improves temporal semantic consistency and reduces the burden on
the diffusion model by providing stronger structural guidance. As a result, our
framework bridges semantic forecasting with generative video modeling while
maintaining competitive training efficiency.

Semantic Future Prediction. A line of work in future frame prediction focuses on
forecasting semantic information rather than raw RGB values [32,47,61,67], typ-
ically predicting representations extracted from pre-trained networks. Early ap-
proaches [30,35,44,57] targeted intermediate features or outputs of task-specific
scene understanding models, such as Mask-RCNN [23] and Segmenter [59].

More recently, DINO-Foresight [34] and DINO-WM [88] forecast dense, patch-
wise semantic from vision foundation models like DINOv2 [49], which, thanks
to large-scale pre-training, generalize effectively to diverse tasks and new scenes
without retraining. DINO-WM applies this approach to world modeling and
action-conditioned planning in simulated environments, whereas DINO-Foresight
focuses on multi-task dense semantic forecasting in real-world driving scenarios.
Subsequent works extended this paradigm with diffusion-based formulations [68]
and by scaling to larger datasets and models [6].

Relatedly, V-JEPA methods [5,7] learn visual representations by predicting
masked video regions, but their objective is representation quality rather than
forecasting future frames. In contrast, our work leverages VFM feature predic-
tion as a hierarchical intermediate for RGB generation, enabling future frame
synthesis with strong temporal semantic consistency while maintaining training
efficiency.

Leveraging VFM features for visual generation. A growing body of work explores
using features from pre-trained vision foundation models (VFMs) [49,58,62,65]
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as strong priors for generative modeling. One line of methods aligns VAE la-
tent spaces with VFM features through distillation losses [11,28,43,56,81]. An-
other aligns intermediate diffusion features with VFM representations [41,84],
an approach pioneered by REPA [84], which substantially accelerates diffusion
training and improves image generation quality. These ideas have been extended
to video generation [31,76,86], where VFM-guided objectives improve temporal
semantic consistency and 3D geometry when fine-tuning pretrained video diffu-
sion transformers. However, these works do not demonstrate improved training
convergence for video diffusion models trained from scratch, nor do they address
video prediction settings.

Recent work further leverages VFMs by jointly modeling low-level VAE la-
tents and high-level VFM features within diffusion [38,75], or by generating
only high-dimensional VFM representations that are subsequently decoded to
RGB [87], both of which yield faster convergence and improved fidelity. Semantic
representations have also been explored in hierarchical image synthesis pipelines
that first predict global semantic representations and then generate VAE latents
conditioned on them [42,51].

In contrast to these approaches—which treat VFM features as static condi-
tioning signals or as alternative generative latents—our method evolves VFM
features through time, using them as a dynamic hierarchical intermediate for
video generation. This semantics-guided forecasting enables temporally coher-
ent and content-aware future frame synthesis, and, to our knowledge, we are the
first to leverage VFM feature prediction for hierarchical video prediction.

3 Methodology

We address the video prediction task, where the goal is to forecast future frames
given a sequence of past observations. Let = (z1,...,zx) be a video sequence
of K frames. Given the first M frames (M < K), the task is to predict the
remaining K — M frames. To solve this, we propose a hierarchical framework
that decouples the problem into two stages (see Figure 1):

High-Level Semantic Prediction We extract high-level semantic representa-
tions of the input frames using a pretrained vision foundation model. These
representations capture the essential structure of the scene while abstracting
low-level details. In the first stage, the model predicts future frames in this
semantic space, allowing it to focus on structural reasoning before synthe-
sizing fine-grained visuals.

Semantics-Guided Video Generation In the second stage, a latent video
diffusion model generates future frames within the compact latent space
of a Variational Autoencoder (VAE), which preserves sufficient detail for
high-fidelity reconstruction. The previously predicted semantic representa-
tions guide the diffusion process, ensuring the generated content remains
consistent with the scene’s semantic dynamics. Finally, the VAE decoder re-
constructs the output frames in pixel space, producing photorealistic future
frames aligned with the predicted semantics.
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An overview of our Re2Pix framework during inference is shown in Fig-
ure 1. This two-stage approach effectively separates semantic reasoning from
visual synthesis, simplifying the video prediction task. Subsection 3.1 details the
semantic prediction stage, Subsection 3.2 describes the semantics-guided gener-
ation process, Subsection 3.3 presents the architecture of the diffusion model,
and Subsection 3.4 outlines the training strategies that ensure robust semantic
conditioning.

3.1 High-Level Semantic Prediction

In the first stage, we extract high-level semantic representations from the in-
put frames using a pretrained Vision Foundation Model (VFM). Specifically, we
employ the DINOv2 [49] image encoder Ej(-), which processes each frame
independently to produce a feature map h;:

ht:Eh(It)7 t:177M (1)

Here, h; has dimensions Hy, x W}, x C},, where Hj, x W}, are the spatial dimensions
and C}, is the number of feature channels. These features capture the scene’s
semantic structure while abstracting low-level details.

Next, we predict future features autoregressively using a feature generation
model Gp(-). Given the context features (hi,...,har), Gr(-) generates the re-
maining K — M frames one step at a time:

hatst, ooy hie = Gp(ha, ..., har). (2)

We adopt the masked transformer architecture from [34] for G}, (-). During train-
ing, the model takes M +1 frame features as input. The first M frames (context)
are unmasked, while the features of the (M + 1)-th frame (the prediction target)
are entirely masked. The model is trained to regress the masked features using
a Smooth L1 loss:

,Cfcat = SmoothLl (Gh(hl, ey hM), hM+1) . (3)

At inference time, the model operates autoregressively: given M context
frames, it predicts the next frame’s features, which are then fed back as in-
put for subsequent predictions. This stage ensures consistent semantic reasoning
before proceeding to fine-grained synthesis in the next stage.

3.2 Semantics-Guided Video Generation

In the second stage, we use a latent video diffusion model to generate actual
future frames, guided by the predicted semantic features. The model takes as
input the context frames (z1,...,zps), their semantic features (hq,...,hys), and
the predicted future semantic features (hps41,. .., k) from Gp(+).

First, the context frames are encoded into compact latent features using a
causal 3D VAE encoder E,(-):

Z1:M = Ez(xl:M)- (4)
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Here, z; has dimensions H, x W, x C,, where H, x W, are the spatial dimen-
sions and C, is the number of channels. For the 3D VAE, we employ the WAN2.1
VAE [69], a causal variational autoencoder that compresses videos along both
spatial and temporal dimensions. For clarity, we omit the details of temporal
subsampling. To align the temporal resolution between the two stages, the se-
mantic prediction stage processes only every % frame, where r is the temporal
subsampling ratio of the VAE encoder.

Next, we generate the future latent frames using a diffusion model G,(+).
Following standard diffusion terminology, we gradually denoise latent features
for the future frames. Let zt(n) denote the noisy latent of frame ¢ at diffusion
step n. The forward process gradually adds Gaussian noise to the ground-truth
future latents z; (for t =M +1,...,K):

2 =2+ one, €~ N(0,1) (5)

where o,, controls the noise schedule.
The denoising model G,(-) takes as input the noised future latents zgv?lrl: K=

(21(\2_1, cee z%)), the clean context latents z1.ps = (21, ..., 2pm) (no noise added),

all semantic features hy.x = (h1,...,hk) (no noise added), and the noise step
n. It predicts the clean future-frame latents ng(})Jrl: x = ZM+1:k for the future
frames:

Zvs1x =G, (Z](\Zl_l;[(; 210, bk, ). (6)

The model is trained to minimize the denoising objective:
N 2
Ediﬂ'usion - ]Eme |:)\n ||ZM+1:K - ZM-i—l:KH :| (7)

where ), is a reweighting function that balances the contribution of different
noise levels. Only the future frames (t = M +1,..., K) contribute to this loss.
Finally, the 3D VAE decoder D, (-) reconstructs the pixel-space frames from

the latent sequence:
Tk = Dz(2M+1:K)~ (8)

3.3 Re2Pix Architecture

The detailed architecture of the diffusion transformer during training, including
early semantic alignment and nested dropout (discussed in Subsection 3.4, is
shown in Figure 2.

Diffusion architecture. The diffusion model G, (+) follows the video prediction de-
sign of Cosmos-Predict [1,3], which is built upon the Diffusion Transformer (DiT)
framework [50]. We retain the core architectural components of Cosmos-Predict,
including 3D-factorized Rotary Position Embeddings (RoPE) [60], query/key
normalization before attention [13,16,74], and RMSNorm [85] with learnable
scales in all self-attention blocks. Noise-level conditioning is implemented via
LoRA-based adaptive normalization (AdaLN-LoRA) [29], which replaces the
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parameter-heavy AdaLN layers of DiT, yielding a more efficient yet equally ex-

pressive design.

Compared to the original Cosmos-Predict architecture, we remove the cross-
attention layers—since our model is not text-conditioned—and introduce a ded-
icated semantic guidance mechanism, described next.

Early Semantic Alignment To incor-
porate semantic guidance, we fuse
semantic features h with the VAE
latent representations z at the in-
put level. Specifically, the VAE la-
tents z are patchified with a spa-
tial size of 2 x 2, and the seman-
tic features h are resized to match
the same spatial resolution. Both fea-
ture maps are then embedded inde-
pendently and combined by channel-
wise summation, ensuring joint con-
ditioning from the outset. This design
enables early semantic alignment be-
tween the predicted scene structure
and the generative latent space, pro-
viding simple and efficient guidance
for the diffusion process without in-
creasing the token count.

3.4 Training Strategies for
Robust Semantic Conditioning

During training, we follow a teacher-
forcing approach: the semantic fea-
tures h; for future frames are ex-
tracted from the ground-truth frames
using the encoder Ej(-). While this
setup stabilizes training and acceler-
ates convergence, it introduces a mis-
match between training and inference.
At test time, the semantic features are
provided by G}, which are inherently
noisier than those extracted from
ground truth. As a result, models
trained exclusively with ground-truth
features tend to overfit to these ideal
representations—producing good se-
mantic layouts but blurry pixel-level

T

DiT Block

DiT Block ‘

‘ DiT Block ‘

Denoising Objective

Fig. 2: Re2Pix architecture. The model
takes as input (1) VAE latents z1.x with
noise applied to the future frames zar4+1:x,
and (2) semantic features hi.x from a vi-
sion foundation model (VFM), with nested
dropout applied to zero-out fine-grained
channels. The two modalities are embedded
independently and combined via channel-
wise summation at the input, implement-
ing early fusion. The diffusion transformer
is trained with a denoising objective ap-
plied to the future VAE latents. Nested
dropout and mixed supervision (using for
the future frames both ground-truth and
predicted features with a 90%/10% mix-
ture; not shown in the figure for simplic-
ity) regularize the model against overfitting
to idealized VFM features for the future
frames.

details, reflected by degraded FVD and FID scores.
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To mitigate this issue, we introduce two complementary strategies that im-

prove robustness to imperfect semantic inputs.
Nested dropout of semantic input features. The semantic features hy € RE»*H*W
are derived from DINOv2 [49] with a ViT-B backbone, by concatenating rep-
resentations from the 3rd, 6th, 9th, and 12th transformer blocks and project-
ing them to Cj, = 1152 channels via PCA. These channels form a hierarchical
representation, where higher-variance components capture coarse semantics and
lower-variance components encode fine details.

To prevent the diffusion model from over-relying on fine-grained features,
we apply nested dropout [39,54] to all semantic feature maps hy.x. With equal
probability, we retain only the first ¢ € 8,16, 32,64, 128,256,512, 1152 channels
of each h;, replacing the remaining channels with zeros:

hy.x = NestedDropout(hy.x; ¢) = [h1S, 0927, 9)

where hy.x denotes the semantic features after nested dropout, hl% indicates
the first ¢ feature channels retained for all frames, and |-, -] denotes the concate-
nation operation. This stochastic truncation encourages the diffusion model to
learn robust conditioning from the most informative semantic subspaces, rather
than memorizing fine-scale correlations.

Mized supervision with ground-truth and predicted semantic features. To further
reduce the train—test gap, we train the diffusion model with a mixture of ground-
truth and predicted semantic features. For each batch, we randomly sample 10%
of examples where the semantic features are taken from the generator Gy, (pre-
dicted features), and 90% where they come from Ej, (ground-truth features).
This mixture regularization exposes the diffusion model to both ideal and im-
perfect semantic inputs during training. Empirically, the 90/10 ratio provides
the best trade-off—reducing blur and improving visual quality without compro-
mising semantic consistency.

4 Experiments

Our experiments assess how well the proposed hierarchical Re2Pix framework
predicts future video frames that are both semantically faithful and photore-
alistic. We evaluate on multiple datasets and compare against strong baselines,
analyze training dynamics (in Subsection 4.2), and conduct detailed ablations (in
Subsection 4.3). Across metrics, our method yields consistent gains in temporal
semantic consistency, generation quality, and training efficiency, demonstrating
the effectiveness of coarse-to-fine hierarchical visual modeling.

4.1 Experimental Setup

Datasets. We experiment on four driving datasets: Cityscapes [12], nuScenes [10],
CoVLA [4], and KITTT [20]. Our primary setup trains and evaluates on Cityscapes.
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To assess generalization at larger scale, we additionally train on a combination
of Cityscapes, nuScenes, and CoVLA, evaluating in-domain on Cityscapes and
nuScenes, and zero-shot on KITTI. Full dataset details are provided in Appendix
Section 8.

Implementation Details. We use DINOv2-Reg ViT-B/14 [49] as the VFM en-
coder for semantic feature extraction. Our diffusion transformer follows the EDM
formulation [33] used in Cosmos-Predict [1], with 14 layers, 16 attention heads,
and a 2048-dimensional embedding, totaling roughly 800M parameters.

We train on sequences of K = 25 frames, where M = 13 context frames at
432 x 768 resolution are encoded using the WAN2.1 VAE [69] with 8 x 8 x 4
temporal-spatial downsampling, yielding 7 latent frames of size 54 x 96. Models
are trained from scratch using Adam [36] (51 = 0.9, B2 = 0.99) with a learn-
ing rate of 0.6 x 27195 and linear warmup and decay. Training runs for 40k
iterations on 8 NVIDIA H200 GPUs for single dataset experiments and 120k
iterations for multiple dataset experiments) with effective batch size 8, requiring
approximately 7 and 28 hours respectively. Full implementation details regard-
ing diffusion formulation, feature prediction model and semantic decoders are
provided in Appendix Section 9.

FEvaluation Protocol and Metrics. For all experiments, we use frames 3-15 as
context and predict frames 16-27. We evaluate two complementary aspects:

— Temporal semantic consistency: How well the generated future frames
preserve the evolving scene semantics.

— Generation quality: How realistic and temporally coherent the synthesized
frames appear.

Semantic consistency metrics. We evaluate semantic segmentation (mlIoU) and
depth estimation on the generated frame 19. Segmentation is computed using
a DINOv2-Reg ViT-B encoder with DPT heads [53]. We report mIoU over all
classes (A) and over moving-object classes (M), which are more challenging and
critical for autonomous driving scenarios. Depth evaluation uses Absolute Rela-
tive Error (AbsRel) and threshold accuracy (d1), where lower AbsRel and higher
61 indicate better performance. Following standard practice, frame 19 in each
sequence provides dense annotations for 19 semantic classes. Since Cityscapes
and nuScenes not include dense depth labels, we generate pseudo-depth using
Depth Anything V2 [78].

Generation quality metrics. We compute FID [25] and FVD [64] over all pre-
dicted frames to capture both spatial realism and temporal coherence. Lower
scores indicate better generative quality.

4.2 Video Prediction Results

Comparison with Baselines We compare our hierarchical approach with three
baselines: (i) a standard diffusion video model trained with a denoising objective,
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Table 1: Comparison with baselines. All numbers report absolute performance;
values in parentheses indicate improvement over the Baseline. Blue indicates improve-
ment, red indicates degradation. Our hierarchical approach provides consistent gains
across both semantic consistency and generation quality. Model parameters: Baseline
(782M), REPA variants (792M), Baseline-Large (1.5B), Re2Pix (1.1B).

SEMANTIC CONSISTENCY GENERATION

METHOD

mloU(A)t ToUM)T ot AbsRl FID| FVD]
Re2Pix (Stage-1) 69.76 69.66 88.03 1262
Baseline 60.55 57.64 85.15 .1460 12.86 60.70
w/ REPA [41] 61.45 (+0.90) 59.63 (+1.99) 85.35 (+0.20) .1465 (+0.0005) 12.34 (-0.52) 55.15 (-5.55)
w/ VideoREPA [86] 60.98 (+0.43) 58.61 (+0.97) 85.22 (+0.07) .1466 (+0.0006) 12.95 (+0.09) 59.03 (-1.67)
Baseline-Large 61.69 (+1.14) 59.65 (+2.01) 85.43 (+0.28) .1453 (-0.0070) 11.99 (-0.87) 56.81 (-3.89)
Re2Pix 63.53 (+2.98) 62.29 (+4.65) 85.72 (+0.57) .1413 (-0.0047) 9.90 (-2.96) 52.66 (-8.04)

(ii) REPA [84], and (iii) VideoREPA [86]. For reference, we additionally report
the semantic consistency results of the VFM feature forecasting model used at
stage 1 as Re2Pix (Stage 1).

As shown in Table 1, our Re2Pix method achieves substantial improve-
ments across both semantic consistency and generation quality. Segmentation
and depth metrics show that Re2Pix produces future frames with significantly
improved temporal semantic fidelity. At the same time, Re2Pix achieves the
best FID and FVD scores, demonstrating its ability to synthesize photorealistic
and temporally coherent predictions. These results confirm that jointly model-
ing semantic structure and pixel-space generation through a hierarchical design
provides strong performance gains over existing methods. To account for the
stochastic nature of our diffusion model, we additionally report mean and stan-
dard deviation over 3 independent sampling runs in Appendix Subsection 6.2.

Does Re2Piz simply benefit from more parameters? To answer this question, we
train a stronger baseline with additional diffusion transformer layers, resulting
in a parameter count exceeding that of Re2Pix. As shown in Table 1, increasing
the parameter count improves baseline performance but remains consistently
inferior to Re2Pix on both semantic and generation metrics. This indicates that
the improvements arise from the hierarchical strategy rather than model size.

Re2Piz accelerates diffusion training. Recent representation-alignment methods
for images [84] have shown that semantically aligned guidance can improve con-
vergence. We test whether our hierarchical approach offers similar benefits in
video generation. To study convergence dynamics, we train both the baseline
and Re2Pix for 140k iterations using a constant learning rate after warmup,
enabling direct comparison across checkpoints. As shown in Figure 3, Re2Pix
outperforms the baseline throughout training for all metrics:

— For FID, Re2Pix reaches 15 in 20k iterations, whereas the baseline requires
140k—a 7x speed-up. FVD exhibits a similar 7x acceleration.

— Semantic metrics also converge faster: segmentation mloU achieves a 14x
speed-up.
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Fig. 3: Accelerated Training Convergence. Training curves for (a) FID, (b) FVD,
and (c) Segmentation mIoU comparing our hierarchical approach (orange) with the
baseline (blue). Our method achieves x7 speed-up for generation metrics and x14
speed-up for segmentation.

Qualitative comparisons across diverse driving scenes are provided in Appendix
Section 7.

Computational cost. Table 2 Table 2: Computational cost. Inference time and
summarizes the inference and peak memory per scene, and training time for 40k

training cost of all meth- iterations.

OdS. R62PIX introduces negh_ METHOD INF. TiME]l INF. MEM.] TRAIN. TIME] TRAIN. MEM.|
. . Baseline 3.1s 27.0GB 5.3h 36GB

glble lnference Overhea‘d over Baseline-Large 4.8s 28.8GB 8.0h 41GB

the Baseline (3'25 /28.5GB vS.  Re2Pix 3.2s 28.5GB 7.0h 40GB

3.1s/27GB), while remaining considerably more efficient than Baseline-Large
(4.85/28.8GB). Although Re2Pix requires slightly more training time per iter-
ation (7h vs. 5.3h for 40k iterations), the 7-14x convergence speedup demon-
strated in Figure 3 makes the additional per-iteration cost negligible in practice.

Scaling and Cross-Dataset Generalization. To evaluate whether the benefits
of our hierarchical framework scale with data diversity, we train Re2Pix on a
larger combined dataset (Cityscapes, nuScenes, and CoVLA) and assess perfor-
mance across both in-domain (Cityscapes and nuScenes) and zero-shot (KITTI)
settings. As shown in Table 3, our method consistently outperforms the base-
lines (Baseline and Baseline Large) across all benchmarks: on Cityscapes and
nuScenes, it improves both semantic consistency and generation quality, while
on KITTTI, it demonstrates superior zero-shot generalization. We further compare
our approach against state-of-the-art large-scale systems, specifically Vista [18]
and Cosmos-Predict 2 [48]. Although these models are pretrained with several
orders of magnitude more data and compute—and were subsequently fine-tuned
in our specific setting—Re2Pix surpasses Vista and performs competitively with
Cosmos-Predict 2. This result is particularly significant as it demonstrates that
our hierarchical design achieves comparable—and in some cases superior—results
with a fraction of the training overhead.
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Table 3: Results for Re2Piz trained on extended data (Clityscapes + nuScenes +
CoVLA). We report in-domain results on Cityscapes and nuScenes, zero-shot general-
ization on KITTI, and comparisons against Re2Piz (Stage 1), Baselines and large-scale
internet-pretrained systems (Vista, Cosmos-Predict-2), both fine-tuned in our setting.
For reference, we include Re2Piz (Stage 1), which reports semantic consistency metrics
only, as it operates purely in feature space without the ability of generating pizels.

CITYSCAPES NUSCENES KITTI

MEeTHOD y
SEMANTIC CONSISTENCY GENERATION  SEM. CONs. GENERATION  GENERATION

MIoU(A)T IoU(M)t &1 AssR, FID| FVD| &1 AssRl FID| FVD| FID| FVD|

VEM forecasting only

Re2Pix (Stage 1) 70.46 70.26 88.03 1208 83.82 1869

Trained from scratch

Baseline 62.77 60.86 85.62 1433  9.64 52.12 79.92 2438 21.08 136.71 20.02 61.02
Bascline (Large) 63.32 61.73 85.63 .1423  9.89 51.77 80.17 .2412 20.73 134.58 20.94 61.28
Re2Pix (ours) 64.63 63.52 86.01 .1400 9.29 49.03 81.09 .2306 18.96 134.03 15.94 61.73

Large-scale pretrained

Vista (Finetuned) 63.88 62.35 85.91 .1376 12.17 84.14 80.46 2304 21.06 174.86 7.95  97.96
Cosmos-Predict-2 (Finetuned) 65.69 64.85 86.19 1371 7.74 16.22  81.28 2243 1590 133.19 8.62 11.64

We additionally evaluate Re2Pix on a non-driving dataset of non-rigid human-
object interactions in Appendix Subsections 6.1. These results demonstrate that
incorporating hierarchical semantic guidance not only improves final perfor-
mance but also substantially accelerates training.

4.3 Ablation Study

Effect of Nested Dropout. We evaluate the impact of nested dropout by compar-
ing two settings (Table 4): using a fixed set of 1152 feature channels, and applying
nested dropout during training (with the full 1152 at test time). Nested dropout
yields consistent improvements across all metrics. The largest gains appear in
FID and FVD, indicating substantially better generation quality. By stochasti-
cally truncating fine-grained semantic channels during training, nested dropout
encourages the diffusion model to rely on robust, coarse-to-fine semantic struc-
ture rather than overfitting to perfect ground-truth feature values. This reduces
the train—test mismatch between ground-truth features (seen during training)
and predicted features (used at inference), enabling sharper and more realis-
tic synthesis without degrading semantic fidelity. Building on nested dropout,
we further investigate a CFG-inspired representation guidance scheme that con-
trasts predictions at different levels of semantic granularity. Ablations on this
technique property are provided Appendix Subsection 6.3.

Sensitivity to VFM features. To assess whether Re2Pix depends on a specific
vision foundation model, we replace DINOv2 with SigLIP-2 [62] as the feature
extractor in Stage 1 and retrain on Cityscapes (Table 5). Both variants con-
sistently outperform the Baseline across semantic consistency and generation
metrics, demonstrating that the hierarchical design is robust to the choice of
VFM, with DINOv2 yielding slightly stronger results consistent.

Mized supervision with ground-truth and predicted features. We compare three
training configurations (Table 6): (i) conditioning on ground-truth VFM fea-
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Table 4: Impact of Nested
Dropout. Training with nested
dropout (bottom) substantially im-
proves generation quality compared
to training with fixed 1152 compo-
nents (top), while also improving the
semantic consistency metrics.

Table 5: Sensitivity to VFM features.
We replace DINOv2 with SigLIP-2 as the fea-
ture extractor in Stage 1 and report results on
Cityscapes. Both variants consistently out-
perform the Baseline, demonstrating that the
hierarchical design is robust to the choice of
VFM

SEM. CONSISTENCY GENERATION

SEMANTIC CONSISTENCY GENERATION

COMPONENTS METHOD
mloU(A)t IoUM)t 8;1 AbsR| FID| FVD] mIoU(A)t IoU(M)T &t ApsR| FID| FVD|
Fixed (1152) 62.38 60.67 85.45 .1467 12.63 58.91 Baseline 60.55 57.64 85.15  .1460 12.86 60.70
Nested 63.53  62.29 85.72 .1413 9.90 52.66 Re2Pix w/ SigLIP2  63.02 61.51 8573 1419 1026 52.69
Re2Pix w/ DinoV2 63.53 62.29 85.72 .1413 9.90 52.66

Table 6: Impact of mixed supervision
with GT and predicted features. Train-
ing with a mixture of ground-truth (90%)
and predicted features (10%) combines the
semantic consistency benefits of training with
ground-truth features with the generation
quality benefits of training with predicted
features.

Table 7: Impact of fusion strat-
egy. Comparison of early fusion,
AdaLLN conditioning, and cross-
attention on Cityscapes. Early fusion
achieves the best performance across
both semantic consistency and gen-
eration metrics while introducing no
additional parameters or architectural

complexity.
SEM. CONSISTENCY GENERATION
FEATURES
mloU(A)T ToUM)tT &1 AbsR] FID| FVDJ FEATURES SEM. CONSISTENCY GENERATION
Baseline 60.55 57.64 85.15 .1460 12.86 60.70 mloU(A)T IoU(M)T 61t AbsR| FID| FVD{
Ground Truth 6442 6315 86.06 .1407 10.43 80.85 Baseline 6055 5764 8515 1460 1286 6070
Predicted 62.77 61.38  85.58 .1420 10.21 55.81 Early-Fusion ~ 63.53 62.29 85.72 .1413 9.90 52.66
Mixed (85/15)  62.49 60.00 85.52 .1440 10.54 54.89 AdaLN 6310 GL75 8571 1425 10.75 55.75
Cross-Attn 61.34 59.03 85.30 .1462 11.83 56.37

Mixed (90/10) 63.53  62.29 85.72 .1413 9.90 52.66
Mixed (95/05)  63.49

85.75 .1319 10.27 53.69

tures, (ii) conditioning on predicted features, and (iii) mixed strategies with
varying ground-truth/predicted ratios (85/15, 90/10, 95/05).

Training only on ground-truth features yields the strongest semantic consis-
tency, but severely degrades perceptual quality due to a train—test mismatch: the
model overfits to precise ground-truth feature values for generating fine-grained
image details and struggles when exposed to noisier predicted features at infer-
ence, producing blurry frames. Training only on predicted features reverses this
trend—generation metrics improve, but perception metrics degrade.

Among the mixed strategies, the 90/10 ratio achieves the best overall trade-
off, with more extreme ratios degrading either semantic consistency (85/15) or
generation quality (95/05), confirming that stochastically mixing the two sources
at the right ratio enables robust semantic conditioning while preserving high-
fidelity synthesis.

Fusion strategy. We adopt early fusion as a principled yet minimal design choice,
combining VAE latents and VFM features via channel-wise summation at the
input level. To validate this choice, we ablate two alternative conditioning strate-
gies on Cityscapes (Table 7): AdaLLN, which reuses the existing time-conditioning
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layers also for semantic features, and cross-attention, which introduces additional
layers at a cost of 265M extra parameters. Early fusion outperforms both al-
ternatives across semantic consistency and generation metrics, confirming that
simple input-level fusion provides strong and efficient semantic guidance without
additional architectural complexity.

Number of semantic components Table 8: Number of semantic components
at inference. ~ Because nested at inference. Performance across va numbers
dropout exposes the model to of pca components at inference. Using 256
varying semantic feature dimen- components achieves comparable results to the
sionalities during training, we can full 1152 components.

adjust the number of PCA com- . . SEM. CONSISTENCY GENERATION
i K COMPONENTS

ponents at inference time. As mloU(A)t IoU(M)T 6,1 AbsR] FID| FVDJ
shown in Table 8, performance re- 8  62.07 60.33 8552 .1441 10.44 54.20

. 16 62.56 60.88 85.51 .1436 10.22 55.05
mains strong even when reduc- 32 63.09  61.81 85.59 .1431 9.95 54.16
ing to 128 components, indicat- 64 63.19 61.75 85.67 .1420 9.94 53.34
) . 128 63.27 61.72 85.56 .1438 9.80 52.82
ing that coarse semantic structure 256 6344 6210 85.80 .1417 9.88 52.46

512 63.46 62.22  85.67 .1430 9.95 52.00

captured by top principal compo-
p Y top P p b 1152 63.53  62.29 85.72 .1413 9.90 52.66

nents is highly informative. Per-
formance degrades gracefully at very low dimensions (e.g., 8 or 16 components),
while the full 1152 components yield the best scores w.r.t. the semantic consis-
tency metrics.

5 Conclusion

We introduced Re2Pix, a hierarchical semantic-to-pixel framework for video pre-
diction that integrates VFM representation forecasting with a diffusion-based
video generator. By first predicting future semantic representations and then
leveraging them to guide pixel-space synthesis, Re2Pix produces videos that
are semantically consistent, temporally coherent, and photorealistic. Extensive
experiments on multiple datasets demonstrate substantial improvements over
strong baselines, including REPA, across temporal semantic consistency, percep-
tual quality, and training efficiency, with significant acceleration in convergence.
Ablation studies further highlight the importance of nested dropout and mixed
supervision for robust semantic conditioning and high-fidelity generation. Over-
all, our results show that explicitly modeling hierarchical semantic structure is
an effective and scalable strategy for generating realistic future video frames,
paving the way for more reliable video prediction in complex dynamic scenes.
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