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A. Additional Implementation Details

DINO-world reimplementation. An official DINO-world
codebase has not been released, so all DINO-world baselines
in this paper use our own reimplementation following the
protocol described in DINO-world [2]. Specifically, spatial
and temporal identity are injected through axial rotary posi-
tional embeddings (3D RoPE [17]) applied to the query and
key projections, rotating the first 20+20+20 dimensions per
head and leaving the final 4 unrotated. Furthermore, spatial
predictions of frame t+1 are computed using a block-causal
attention mask during training, ensuring queries only attend
to past frames while allowing efficient parallelization.

DeltaTok tokenizer. Our DeltaTok tokenizer is a simple
continuous auto-encoder [9], not a variational auto-encoder
(VAE) [12]. It compresses the patch tokens from the DI-
NOv3 [16] ViT-B [5] VFM, which uses a patch size of
16 × 16. For simplicity, both the tokenizer encoder and
decoder follow the ViT-B configuration, though the formu-
lation places no restrictions on scaling. They reuse the DI-
NOv3 Transformer block implementation from Hugging
Face Transformers [19], including 2D RoPE for spatial posi-
tion encoding, but skip the patch embedding layer because
the tokenizer operates on VFM output patch tokens rather
than pixels. Two learned frame embeddings are added to the
encoder inputs to distinguish previous-frame tokens from
current-frame tokens. All linear and embedding weights
are initialized with truncated normal (σ=0.02), linear biases
are set to zero, and Layer Scale [18] values are initialized
to 10−5. In the tokenizer decoder, we omit the final layer
normalization so that the small initial Layer Scale values
make the decoder behave approximately as an identity map
at initialization.

We train the tokenizer on sampled frame pairs for 50K
iterations with a mean squared error (MSE) loss, using
AdamW [13] with linear warmup to 10−3 over 5K steps
and a constant learning rate thereafter, weight decay of 10−4,
a batch size of 1024, and gradient clipping at 10−2.

Num. samples Duration (s) FPS

DINO-world [2] ∼66M 5–60 10–60
Ours ∼4M 11 16

Table A. Training data statistics. For DINO-world [2], we report
the duration range and FPS from their paper. For ours, we report
the mean duration and all videos have a fixed FPS.

DeltaWorld predictor. For simplicity, the future predictor
also uses the ViT-B configuration, though the formulation
places no restrictions on scaling. Because each frame is rep-
resented by a single token rather than an H×W grid, neither
the block-causal attention mask nor the three-dimensional
RoPE used in DINO-world is needed. We therefore simplify
the block-causal mask to a standard causal (diagonal) mask,
and the 3D RoPE to a 1D variant that again rotates the first
60 dimensions of each head and leaves the final 4 unrotated.
All predictors are trained with AdamW [13], weight decay
4×10−1, and smooth L1 loss with β=0.1.

Training augmentations. We use random resized crops
with a scale range of 0.6–1.0 and an aspect-ratio range of
3:4–4:3 applied to the original frames. The resulting crop
coordinates are applied consistently to all frames in the se-
quence, and the crop is then resized to a square, introducing
a small amount of aspect-ratio distortion.

Training data statistics. Similar to the experimental set-
ting of DINO-world [2], all models (DINO-world, DeltaTok,
and DeltaWorld) are trained on a large collection of videos
spanning diverse domains. The training data used for DINO-
world is not publicly released; Table A compares ours with
what is reported in DINO-world. Our dataset comprises
videos at mostly 640×360 resolution, spanning a wide range
of scenarios similar in spirit to the DINO-world corpus.

Task heads. Following DINO-world [2], linear segmen-
tation and depth heads are trained on frozen VFM features
from the training split of each evaluation dataset. For seg-
mentation on VSPW [14] and Cityscapes [4], the head uses
a batch normalization layer followed by a linear layer pro-
jecting to 124 and 19 semantic classes, respectively. For
depth estimation on KITTI [8], we adopt the DINOv3 [16]
depth head architecture. Specifically, a batch normalization
layer and a linear layer produce 256 logits per pixel. These
logits are rectified and shifted by ϵ = 0.1, normalized across
the 256 bins to form a discrete depth distribution, and then



mapped to a continuous depth by taking the expectation over
256 uniformly spaced bins between 10−3 and 80m. We
evaluate on the Eigen split [6], cropping frames and depth
maps to 352×1216 and restricting depth evaluation to valid
pixels within the Garg region [7].

B. Additional Evaluation Details

Sequences. We extract evaluation sequences following
prior work [2]. We use a time stride of 0.2 s for VSPW [14]
and KITTI [8], and 0.1875 s for Cityscapes [4]. For VSPW,
we select every 20th frame for evaluation and extract non-
overlapping subsequences to keep the total number of se-
quences manageable.

Input preprocessing. Training uses square inputs, while
evaluation datasets contain rectangular images. Therefore,
during evaluation, frames are resized so that the shorter side
matches the input size used in each experiment (512 in the
main setting and 256 in the ablation setting). For KITTI,
the Eigen crop (see above) is applied before resizing and
the aspect ratio is clamped to 1:2. Labels remain at their
original resolution. We then take two potentially overlapping
left/right square crops from the resized frames. The labels
are split horizontally into two non-overlapping halves, which
define the regions used for evaluation. Task predictions from
each frame crop are upsampled and cropped to match the
corresponding label half.

Cosmos. Cosmos (Predict1) [1] can only be evaluated un-
der its native inference constraints, and we follow a similar
protocol to DINO-world [2]. Specifically, Cosmos requires
a fixed context of 9 input frames and generates a rollout
of 24 future frames in a single forward pass. Frames are
resized so that the height is 512 pixels while preserving the
aspect ratio, and padded to 640 × 1024 as required by the
Cosmos input format. For KITTI, the Eigen crop (see above)
is applied before resizing to 512 × 1024, which squashes
the aspect ratio to 1:2; for all other datasets, no cropping is
applied before generation. After generation, we remove the
padding and apply the same left/right cropping protocol as
above before re-encoding each predicted crop with DINOv3,
ensuring consistent evaluation with other models.

Best and mean evaluation. We generate 20 independent
rollouts per sequence, unless noted otherwise. The best score
is computed on the rollout whose DINOv3 features have the
lowest feature-space loss to the ground truth at the last pre-
dicted timestep. The mean score averages the 20 DINOv3
features at the last predicted timestep and then applies the
task head once on the averaged features; we do not take the
average of the scores from the 20 future predictions. This

Discriminative DINO-world [2]
Backbone (4 frames) 4× 47.185 = 188.74
Predictor (4-frame context) 84.88
Predictor (5-frame context) 96.96
Predictor (6-frame context) 109.04

Generative DeltaWorld (Ours)
Shared once
Backbone (4 frames) 4× 47.185 = 188.74
DeltaTok encoder (4 frames) 4× 96.930 = 387.72

Per sample (repeated K times)
Predictor (4-frame context) 0.26
Predictor (5-frame context) 0.28
Predictor (6-frame context) 0.31
DeltaTok decoder (step 1) 46.12
DeltaTok decoder (step 2) 46.12
DeltaTok decoder (step 3) 46.12

Table B. GFLOPs breakdown. In DeltaWorld, the backbone
and DeltaTok encoder run once, while the predictor and DeltaTok
decoder are applied per generated sample. Using a three-step rollout
and a four-frame context (mid-horizon), ViT-B components, and
256× 256 crops.

evaluation protocol is applied per crop, identically to Delta-
World and Cosmos. For the discriminative DINO-world
baseline, we report the score of its single deterministic pre-
diction.

FLOPs. All GFLOPs are computed for square inputs and
doubled, since evaluation uses two square-crop forward
passes as described above. Cosmos is the exception, as
it does not use square crops. Additionally, for Cosmos we
exclude the fixed-cost GFLOPs associated with the tokenizer
and KV pre-filling, which we expect to be small relative
to the autoregressive decoding and iterative diffusion. For
step (2) in Table 2, GFLOPs include applying the tokenizer
decoder at each intermediate rollout step, not only the final
one.

Training time and memory. In Table 2, we measure the
training time per optimization iteration and steady-state GPU
memory on a single node with 8 NVIDIA H200 GPUs, us-
ing BF16 mixed precision and torch.compile (default
mode). Despite generating K=16 candidate futures, BoM
training in step (1) requires similar memory to the discrim-
inative baseline, because the candidate selection pass uses
detached parameters (no activation storage for backpropa-
gation) and only the best candidate is re-run with gradients.
Delta compression in step (3) is slightly slower than frame
compression in step (2) because its tokenizer encoder pro-
cesses both the current and previous frame’s patch tokens.



Model Time Mem VSPW ↑ Cityscapes ↑
Copy last (lower bound) – – 41.8 37.9

DINO-world† [2] 1.0× 1.0× 44.8 45.4
Delta compression 0.5× 0.2× 44.6 46.9

Present (upper bound) – – 52.0 59.3

Table C. Delta tokens in the discriminative DINO-world [2].
Delta tokens also perform well within a discriminative world model.
Time and Mem report per-iteration training time and GPU mem-
ory relative to the discriminative baseline. Reporting mid-horizon
(∼0.6 s) mIoU using 256× 256 crops. †Our reimplementation.

Efficiency breakdown. Table B shows how GFLOPs are
distributed across the model components for both the dis-
criminative DINO-world [2] and our generative DeltaWorld.
Although the predictor dominates compute in DINO-world,
its cost becomes negligible in DeltaWorld with a short con-
text of four to six delta tokens, with most per-sample com-
pute instead coming from the DeltaTok decoder. Crucially,
however, unlike the predictor in DINO-world, the decoder’s
compute cost does not increase with context length. Even
with the small predictor size and the benchmark’s short con-
text length, the decoder remains more efficient than the pre-
dictor in DINO-world. Furthermore, the DeltaTok encoder
overhead in DeltaWorld is shared across all generated sam-
ples. This makes DeltaWorld noticeably cheaper per gener-
ated sample and enables efficient multi-sample generation,
while the future predictor remains lightweight and flexible
for scaling, e.g., in context or predictor size.

C. Delta Tokens in Discriminative Models
Although not the primary focus of this paper, delta tokens
can also be used in a discriminative world model. Table C
shows that replacing per-frame patch tokens with a single
delta token in the discriminative DINO-world baseline [2]
performs well (-0.2 on VSPW and +1.5 on Cityscapes), while
also being more efficient in training time (0.5×) and memory
(0.2×).

We also integrate delta tokens into DINO-Foresight [11],
a separate discriminative world model with a different
architecture, using their official implementation. It is
trained and evaluated on Cityscapes [4] and extracts multi-
layer DINOv2 [15] features, applying PCA to obtain 1152-
dimensional spatial features per patch. We train a Delta-
Tok variant that compresses these PCA features of two con-
secutive frames into a single 1152-dimensional delta token
at 448×896 resolution, using BDD100K [20] and briefly
fine-tuning on Cityscapes [4]. We then retrain the DINO-
Foresight world model on Cityscapes to predict these delta
tokens instead of spatial PCA features. Since delta tokens
collapse the large spatio-temporal sequence to only one token
per frame, we can simplify the architecture by replacing the
factorized space-time attention with standard self-attention,

Seg. mIoU ↑ Depth δ1 ↑
Tokens Short Mid Short Mid

Copy last (lower bound) 54.7 40.4 84.1 77.8

DINO-Foresight† [11] 10240 71.8 59.8 88.6 85.4
Delta compression 5 72.1 60.0 88.5 85.6

Present (upper bound) 77.0 77.0 89.1 89.1

Table D. Delta tokens in the discriminative DINO-Foresight [11].
Results on Cityscapes [4] show that delta tokens transfer effectively
to a different discriminative architecture, matching performance
with 2048× fewer tokens. The token count indicates the total
number of tokens used by the world model. Using 448×896 frames.
†Numbers reported in the DINO-Foresight paper [11].

and skip the high-resolution fine-tuning stage, training di-
rectly at the target resolution. As shown in Table D, the
delta-compressed variant matches the original while reduc-
ing the token count by 2048×, confirming that delta tokens
transfer effectively across discriminative world model archi-
tectures.

D. Limitations and Future Work
We discuss two limitations of our work and directions for
future research.

Distribution modeling. The Best-of-Many (BoM) objec-
tive enables efficient, non-iterative generation of diverse
futures by mapping stochastic noise queries to distinct fu-
tures [3]. However, unlike diffusion models [10], whose
denoising objective provides a principled connection to the
data distribution, BoM lacks an explicit distributional objec-
tive. Consequently, the model’s coverage of the predictive
distribution is limited by the number of noise queries K
explored during training, with no mechanism encouraging
diverse utilization of the query space, and no guarantee that
the distribution over sampled futures approximates the true
probability of each outcome. That said, in practice different
queries tend to produce distinct futures, suggesting the query
space may serve as a form of implicit action conditioning.
This could open a path toward explicit action-conditional
generation, as similar queries may produce similar futures
across different scenes.

Error accumulation. Because delta tokens encode tempo-
ral differences, reconstructing absolute feature maps requires
repeatedly decoding delta tokens conditioned on previous
features. During tokenizer reconstruction, errors may com-
pound across steps, potentially leading to feature drift. A
natural mitigation is to have the tokenizer operate on its
own reconstructions, computing delta tokens sequentially
relative to previously decoded frames, rather than in parallel
from ground truth input frames. In DeltaWorld, the predic-



tor may introduce an additional source of error, which may
further compound during multi-step autoregressive rollouts,
a well-known challenge in autoregressive video generation.
Existing approaches to mitigate error accumulation in au-
toregressive generation may apply.

E. Additional Qualitative Examples
In Figure A we show short-horizon Cityscapes [4] predic-
tions from DINO-world [2], Cosmos-12B [1], and Delta-
World. All three models predict the car moving out of the
frame, but both DINO-world and Cosmos fail to maintain
the bicycle wheel, DINO-world also loses the sign post, and
Cosmos misses some of the people in the background.

In Figure B we show mid-horizon KITTI [8] predictions,
comparing mean and best samples for Cosmos-12B and
DeltaWorld. Both models track the car’s motion, but Delta-
World’s best sample is more accurate than Cosmos’s: for
example, it provides a more accurate depth estimate on the
passing train. Cosmos also yields mean and best samples
that are very similar, reflecting lower variation across its
outputs.

In Figures C and D we show mid-horizon autoregressive
rollouts from DeltaWorld across all three evaluation datasets,
visualized through task head outputs (Figure C) and RGB
reconstructions (Figure D). Since DeltaWorld operates in
DINOv3 feature space, we use the decoder from Represen-
tation Autoencoder (RAE) [21], trained on DINOv3 ViT-B,
to decode predicted features back into pixels for the RGB
visualization.

In Figures E and F we visualize the diversity of mid-
horizon autoregressive rollouts from DeltaWorld across all
three evaluation datasets by showing multiple samples for
the same input context, again as task head outputs (Figure E)
and RGB reconstructions (Figure F). Each group of three
rows shares the same four context frames but shows three
different rollouts.
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Figure A. DINO-world† [2] vs. Cosmos-12B [1] vs. DeltaWorld (Ours). Given a context of four frames, predict the fifth frame (short-
horizon). Second row shows the segmentation head output on the ground-truth frames, while third, fourth, and fifth rows show the
segmentation head output for the predicted future frame. In this Cityscapes example [4], DeltaWorld provides an accurate prediction of the
scene evolution. Generative models show mean features from 20 samples; DINO-world shows its single deterministic prediction. Using
512× 512 crops. †Our reimplementation.



Figure B. Comparing mean and best for Cosmos-12B [1] vs. DeltaWorld (Ours). Given a context of four frames, predict the seventh
frame autoregressively (mid-horizon). Second column shows the depth head output on the ground-truth frames, third and fourth columns
show Cosmos, and fifth and sixth columns show DeltaWorld predictions. In this KITTI example [8], DeltaWorld’s best sample more closely
matches the oracle depth layout. Using 512× 512 crops.



Figure C. Mid-horizon rollouts (task head visualization). Each row shows four context frames (left of the dashed line) and an autoregressive
rollout from DeltaWorld (right), conditioned on random noise queries, in a single forward pass per step. Top: VSPW [14] segmentation,
middle: Cityscapes [4] segmentation, bottom: KITTI [8] depth. Using 512× 512 crops.



Figure D. Mid-horizon rollouts (RGB visualization). Same sequences as Figure C. Context columns (left of the dashed line) show
ground-truth RGB frames; future columns show the predicted features decoded into pixels. Using 512× 512 crops.



Figure E. Diverse mid-horizon rollouts (task head visualization). Each group of three rows shares the same four context frames (left of
the dashed line) but shows three different autoregressive rollouts from DeltaWorld, each conditioned on random noise queries, in a single
forward pass per step. Top: VSPW [14] segmentation, middle: Cityscapes [4] segmentation, bottom: KITTI [8] depth. Using 512× 512
crops.



Figure F. Diverse mid-horizon rollouts (RGB visualization). Same sequences and samples as Figure E. Context columns (left of the
dashed line) show ground-truth RGB frames; future columns show the predicted features decoded into pixels. Using 512× 512 crops.
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