
Method Encoder
Arch.

Decoder
Arch.

Reconstruction Understanding
Discrete
Token

Cont.
Token

GAN
Free

Temporal
Comp.

Native
Res.Image Video 3D Image Video 3D

Reconstruction Only
SD-VAE Conv Conv ✁ ✂ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✂ -
VQGAN Conv Conv ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✂ ✂ -
GigaTok Hybrid Hybrid ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✂ ✂ ✂

OmniTokenizer Trans Trans ✁ ✁ ✂ ✂ ✂ ✂ ✁ ✁ ✂ ✁ ✂

MAGVIT-v2 Conv Conv ✁ ✁ ✂ ✂ ✂ ✂ ✁ ✂ ✂ ✁ -
Cosmos Conv Conv ✁ ✁ ✂ ✂ ✂ ✂ ✁ ✁ ✂ ✁ -
ViTok Trans Trans ✁ ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✁ ✂

TAE Conv Conv ✁ ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✁ -
Hunyuan Conv Conv ✁ ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✁ -
Wan Conv Conv ✁ ✁ ✂ ✂ ✂ ✂ ✂ ✁ ✂ ✁ -
Trellis-SLAT Trans Trans ✂ ✂ ✁ ✂ ✂ ✂ ✂ ✁ ✁ ✂ -

Understanding Only
SigLIP2 Trans - ✂ ✂ ✂ ✁ ✁ ✂ - - - ✂ ✁

PE Trans - ✂ ✂ ✂ ✁ ✁ ✂ - - - ✂ ✂

VideoPrism Trans - ✂ ✂ ✂ ✁ ✁ ✂ - - - ✂ ✂

InternVideo Trans - ✂ ✂ ✂ ✁ ✁ ✂ - - - ✁ ✂

Reconstruction & Understanding
VILA-U Trans Conv ✁ ✂ ✂ ✁ ✁ ✂ ✁ ✂ ✂ ✂ ✂

UniTok Trans Hybrid ✁ ✂ ✂ ✁ ✁ ✂ ✁ ✂ ✂ ✂ ✂

ATOKEN Trans Trans ✁ ✁ ✁ ✁ ✁ ✁ ✁ ✁ ✁ ✁ ✁

Table 6. Comparison between existing visual tokenizers and AToken. We categorize methods by task capabilities (reconstruction,
understanding, or both) and evaluate their modality coverage, architectural choices, token representations, and key features. ATOKEN is
the only method providing support across all dimensions.

The appendix includes the following sections:

• Sec A - Related Work
• Sec B - Model Details & Training Strategies
• Sec C - Additional Tokenizer Results
• Sec D - Additional Downstream Results

A. Related Work

Reconstruction Tokenizers. High-resolution images
have been compressed using deep auto-encoders [40, 106],
which learn lower-dimensional latent representations
for reconstruction. VAEs [49] extended this frame-
work with probabilistic modeling, while VQ-VAE [104]
introduced vector quantization to discretize the latent
space. Building on these foundations, subsequent works
enhanced reconstruction quality through adversarial
training [22, 88], developed alternative quantization strate-
gies [54, 69, 73, 157], incorporated semantic guidance
[11, 12, 48, 57, 58, 140, 149], and scaled model capacity
[130].

Video tokenization extended these image-based meth-
ods to temporal domains, employing 3D convolutions [31,
137, 144], decoupled spatial-temporal processing [81], and
causal modeling [51, 107, 139]. Beyond convolutional ar-
chitectures, recent work has explored Vision Transformers
[21] as an alternative backbone for both image [36, 141,

145] and video [105, 108, 109, 138] tokenization.
3D generation methods initially applied diffusion models

directly to various 3D representations [38, 43, 67, 91, 112],
then shifted toward compact latent spaces for improved ef-
ficiency [35, 46, 53, 77, 129]. Notably, Trellis [125] intro-
duces structured latents (SLAT) that jointly encode geom-
etry and appearance on sparse 3D grids, enabling flexible
decoding to multiple output formats.

Visual Encoders. Image encoders initially leveraged con-
trastive learning through vision-language alignment [44, 86,
150] and image-only self-supervision [13, 78]. Generative
pretraining explored text generation objectives [117], dis-
crete token reconstruction [6], and masked image model-
ing [8, 37]. Methods like NaViT [16] introduced resolution
flexibility with preserved aspect ratios. Recent unified ap-
proaches merge contrastive, generative, and self-supervised
objectives [103, 142] or leverage intermediate-layer fea-
tures with task-specific alignment [7].

Video encoders primarily employ self-supervised learn-
ing on video-only data [26, 84, 85, 87, 101] or video-
language modeling with noisy text supervision [10, 28, 41,
56, 148]. Recent methods treat video as image sequences,
focusing on context window expansion [99, 135] or token
compression [25, 59, 93, 118, 133].



Figure 8. 3D tokenization pipeline. We extend Trellis-SLAT [125] for multimodal unification through two modifications: directly
tokenizing raw RGB patches from multiview renderings (as opposed to using DINOv2 features), and aggregating each voxel’s features
from its nearest viewpoint (as opposed to averaging across all views). Combined with Gaussian decoding, this approach integrates 3D
assets into our unified token space alongside images and videos.

Unified Tokenizers & Multimodal Models. Unified
Multimodal Models aim to combine visual understanding
and generation within a single framework [63, 76, 110].
Many approaches use decoupled tokenizers while employ-
ing various generation paradigms – autoregressive [62, 97,
119], diffusion [158], flow-matching [72], and masked pre-
diction [100, 127]. Recent efforts on unified tokenizers
that handle both tasks include VILA-U [124], which com-
bines pixel reconstruction with contrastive learning in a sin-
gle vision tower; SeTok [122], which groups visual fea-
tures into semantic units; UniTok [70], which uses multi-
codebook quantization for enhanced expressiveness; and
UniToken [45], which produces hybrid discrete-continuous
representations through dual encoders. Show-o2 [128] ex-
tends these approaches by leveraging a 3D causal VAE
space with dual-path spatial-temporal fusion, enabling scal-
ability across both image and video modalities while com-
bining autoregressive modeling with flow matching.

B. Model Details & Training Strategies

B.1. 3D Asset Processing Details

Our 3D tokenization pipeline (Fig. 8) extends Trellis-SLAT
[125] with two key modifications for multimodal unifica-
tion. First, we directly tokenize raw RGB patches from
multiview renderings rather than using DINOv2 features,
enabling end-to-end optimization. Second, we aggregate
each voxel’s features from its nearest viewpoint rather than
averaging across all views, preserving local geometric de-
tails.

The pipeline renders 12 views from spherically sampled
cameras, applies standard 4→16→16 patchification to each
view, and back-projects features into a 643 voxel grid. Each
voxel selects features from the closest viewpoint to resolve
projection conflicts.

B.2. Video Processing with KV-Caching

Our video encoding employs temporal tiling with KV-
caching to eliminate redundant computation. Long se-
quences are partitioned into overlapping 16-32 frame tiles,
encoded to 4-8 latent frames. The caching mechanism
stores key-value pairs across tiles, avoiding recomputa-
tion while maintaining temporal coherence through smooth
boundary transitions.

B.3. Training Strategies

Our training employs a four-stage progressive curriculum
(Fig. 4 in the main paper) that builds from image foun-
dations to video dynamics to 3D geometry, with optional
discrete quantization. Starting from the pretrained SigLIP2
encoder [103], we gradually introduce more complex ob-
jectives and modalities while maintaining semantic under-
standing across all stages.

We implement this curriculum through round-robin sam-
pling of modalities and tasks, using gradient accumula-
tion to balance image-text distillation with other objec-
tives (reconstruction, video-text alignment, 3D-text align-
ment) across all stages. This ensures semantic alignment is
preserved even as reconstruction capabilities expand. Our
sparse transformer architecture facilitates this multi-modal
training by separating features and positions, allowing each
modality to be processed at its natural resolution without
padding or packing.

Stage 1: Image Foundation. Starting from pretrained
SigLIP2, we establish core visual representations by adding
image reconstruction capabilities. We process images us-
ing 4→16→16 space-time patches with temporal padding
for consistency, employing 32 latent dimensions following
[140]. Training uses variable resolution sampling from 64
to 512 pixels, with L1 loss computed at native resolution



Table 7. Training curriculum configuration. Resolution limits for each modality and task sampling ratios across the four training stages.
Superscripts denote reconstruction (r) and understanding (u) tasks.

Training Stage Image Res. Video Res. 3D Size
Task Sampling Ratios

#StepsIr Vu Vr 3Du 3Dr

Stage 1: Image Foundation [64 → 512] - - 100% - - - - 200k
Stage 2: Video Dynamics [64 → 1024] [64 → 512] - 22.2% 11.1% 66.6% - - 200k
Stage 3: 3D Geometry [64 → 2048] [64 → 1024] [64, 64, 64] 22.2% 11.1% 44.4% 11.1% 11.1% 50k
Stage 4: Discrete Tokenization [64 → 2048] [64 → 1024] [64, 64, 64] 22.2% 11.1% 44.4% 11.1% 11.1% 100k

while perceptual losses (LLPIPS, LCLIP, LGram) use 224→224
interpolation to match their pretrained features.

Stage 2: Video Dynamics. We extend to temporal se-
quences, expanding latent dimensions from 32 to 48 to ac-
commodate motion complexity [89]. Resolution capabili-
ties increase to 1024 for images and 512 for videos. We
employ temporal tiling (16-32 frames ↑ 4-8 latent frames)
with adaptive sampling: stride 1-3 for temporal consis-
tency or 4-12 for diversity in reconstruction, 1 FPS up to
64 frames for understanding. Our KV-caching mechanism
eliminates redundant computation across tiles while main-
taining temporal coherence.

Stage 3: 3D Geometry. We incorporate 3D assets as ac-
tive voxels in 643 grids, using Gaussian splatting for re-
construction and attention pooling for understanding. Res-
olution further increases to 2048 for images and 1024 for
videos. Joint optimization across all three modalities pre-
vents catastrophic forgetting while leveraging cross-modal
learning. The geometric semantics from 3D and the tem-
poral dynamics from video enhance image reconstruction
quality.

Stage 4: Discrete Tokenization. Optionally, we add FSQ
quantization [73] for discrete generation tasks. The 48-
dimensional latents are partitioned into 8 groups of 6 dimen-
sions, each quantized to 4 levels, yielding 8 discrete tokens
from 4096-entry codebooks. We finetune the entire encoder
and decoder to adapt all modalities to discrete tokens, en-
abling compatibility with discrete generative models across
all visual domains.

C. Additional Tokenizer Results

C.1. Image Tokenization

We evaluate ATOKEN’s image capabilities against special-
ized tokenizers through reconstruction quality (Tab. 8) and
semantic understanding (Tab. 9) benchmarks.

Reconstruction Performance. Tab. 8 presents our com-
prehensive evaluation, where we re-evaluated all baseline

methods using a unified protocol with official implementa-
tions to ensure fair comparison. Under this standardized
evaluation protocol, we observe that multimodal training
enhances rather than compromises image reconstruction.
ATOKEN-So/C achieves 0.209 rFID at 16→16 compression,
with progressive improvement across training stages: 0.258
(Stage 1)↑0.246 (Stage 2)↑0.209 (Stage 3), a 19% gain
through multimodal expansion.

This improvement is particularly notable given three fun-
damental challenges in the field. First, the compression-
dimension trade-off severely constrains 16→16 models:
VAVAE [140] requires 32-dimensional latents to achieve
0.279 rFID, while Cosmos-CI16→16 with 16 dimensions
degrades to 0.959 rFID. Second, transformer architec-
tures consistently underperform convolutional architectures
(OmniTokenizer [109] 26.74 PSNR vs. Hunyuan [51]
33.32 PSNR), explaining why most reconstruction tokeniz-
ers avoid transformers. Third, discrete tokenizers strug-
gle with generalization – UniTok [70] degrades from 0.362
rFID on ImageNet to 3.918 on COCO, while GigaTok [130]
exhibits even larger gaps.

Our approach addresses all three challenges: achieving
strong performance with 48-dimensional latents at 16→16
compression, demonstrating transformer viability through
adversarial-free training, and maintaining consistent qual-
ity across datasets (0.209 rFID on ImageNet, 2.026 rFID
on COCO). These results suggest temporal dynamics from
video and geometric understanding from 3D provide com-
plementary signals for image reconstruction.

Semantic Understanding. Tab. 9 evaluates zero-shot
classification and retrieval against leading vision encoders.
While understanding-only models like CLIP [86] and its
variants [24, 96, 131] optimize purely for semantic align-
ment, ATOKEN need to balance understanding with recon-
struction across three modalities.

Despite these constraints, ATOKEN achieves 82.2% Im-
ageNet accuracy – within 1.2% of understanding-only
SigLIP2 [103] (83.4%). This narrows the gap compared to
previous unified attempts like UniTok (78.6%) and VILA-
U (78.0%), while uniquely extending unified capabilities to
video and 3D. Across our progressive training stages, accu-



Table 8. Image reconstruction comparison on ImageNet and COCO. We evaluate all methods using a unified protocol with official
implementations to ensure fair comparison. All images are resized and center-cropped to 256↑256, with metrics computed using identical
scripts. Note that our reproduced results may differ from original papers due to standardized evaluation settings, but provide consistent
cross-model comparison.

Comp.

Ratio

Latent

Size

Token

Type

ImageNet COCO

Method PSNR↓ SSIM↓ LPIPS↔ rFID↔ PSNR↓ SSIM↓ LPIPS↔ rFID↔

Continuous Latent

SD-VAE (1, 8, 8) 4 VAE 26.26 0.745 0.133 0.606 25.99 0.759 0.130 4.142
FLUX.1 [dev] (1, 8, 8) 16 VAE 32.86 0.917 0.044 0.176 32.73 0.923 0.041 1.343

VAVAE (1, 16, 16) 32 VAE 27.70 0.798 0.096 0.279 27.50 0.811 0.093 2.709
OmniTokenizer (4, 8, 8) 8 VAE 26.74 0.824 0.101 1.023 26.44 0.833 0.099 4.687
Hunyuan (4, 8, 8) 16 VAE 33.32 0.916 0.053 0.670 33.25 0.924 0.050 2.597
Wan2.2 (4, 16, 16) 48 VAE 31.25 0.878 0.057 0.749 31.10 0.888 0.054 3.279

ATOKEN-So/C
Stage 1 (1, 16, 16) 32 VAE 28.77 0.814 0.099 0.258 28.66 0.829 0.096 2.336
Stage 2 (4, 16, 16) 48 VAE 29.55 0.845 0.087 0.246 29.49 0.858 0.083 2.180
Stage 3 (4, 16, 16) 48 VAE 29.72 0.848 0.085 0.209 29.67 0.861 0.081 2.026

Discrete Latent

Cosmos-0.1-DI8↑8 (1, 8, 8) 6 FSQ 25.87 0.750 0.155 0.867 25.54 0.760 0.153 5.016
GigaTok-XL-XXL (1, 16, 16) 8 VQ 22.42 0.613 0.189 0.795 22.03 0.620 0.191 5.757
Vila-U (1, 16, 16) 16 RQ 22.24 0.612 0.228 4.231 21.89 0.620 0.227 10.997
UniTok (1, 16, 16) 64 MCQ 25.34 0.742 0.132 0.362 24.95 0.750 0.131 3.918
OmniTokenizer (4, 8, 8) 8 VQ 24.69 0.771 0.138 1.411 24.31 0.779 0.137 6.292

ATOKEN-So/D (4, 16, 16) 48 FSQ 27.14 0.801 0.119 0.379 27.00 0.815 0.115 3.270

Table 9. Image understanding comparison with semantic

encoders. We evaluate zero-shot classification on ImageNet,
ImageNet-v2, and cross-modal retrieval on COCO and Flickr30k.
ATOKEN maintains competitive performance across all stages de-
spite joint training on multiple modalities and tasks.

ImageNet-1k COCO Flickr

Res. Seq. Model val v2 T→I I→T T→I I→T

224 196

CLIP 68.3 61.9 33.1 52.4 62.1 81.9
MetaCLIP 72.4 65.1 48.9 – 77.1 –
EVA-CLIP 74.7 67.0 42.2 58.7 71.2 85.7
DFN 76.2 68.2 51.9 – 77.3 –

256 256

SigLIP 80.8 74.1 49.4 68.6 80.0 92.1
SigLIP 2 83.4 77.8 55.4 71.5 84.4 94.2

ATOKEN-So/C
Stage 1 82.7 76.7 54.1 70.4 81.3 93.1
Stage 2 82.3 76.4 53.8 70.6 80.7 93.0
Stage 3 82.2 76.1 53.7 70.5 80.5 93.2

ATOKEN-So/D 82.2 76.2 53.8 70.1 80.9 93.5

384 576

SigLIP 2 84.1 78.4 56.0 71.2 85.3 95.9

ATOKEN-So/C
Stage 1 83.4 77.6 54.8 70.4 81.7 93.8
Stage 2 82.9 77.1 54.7 71.1 81.9 93.9
Stage 3 82.9 76.8 54.6 71.3 81.9 93.5

ATOKEN-So/D 82.8 76.6 54.4 70.9 81.9 93.5

512 1024

SigLIP 2 84.3 79.1 56.0 71.3 85.5 95.4

ATOKEN-So/C
Stage 1 83.5 77.8 54.7 71.1 82.1 94.1
Stage 2 83.1 77.3 54.7 71.3 82.2 93.6
Stage 3 82.9 77.2 54.7 71.1 82.3 93.6

ATOKEN-So/D 82.9 77.0 54.7 71.2 82.3 93.5

racy remains stable (82.7% → 82.3% → 82.2%), with only
0.5% degradation as modalities are added. Discrete quanti-
zation also preserves full semantic performance, achieving
82.2% accuracy.

C.2. Video Tokenization

We evaluate ATOKEN’s video capabilities through recon-
struction quality and semantic understanding benchmarks,
demonstrating competitive performance while uniquely
supporting both continuous and discrete representations
across multiple modalities.

Reconstruction Performance. We evaluate video re-
construction on DAVIS [82] (1080p, 50 videos) and Token-
Bench [4] (720p, 471 videos), reporting PSNR and SSIM
for pixel quality, LPIPS for perceptual similarity, and rFVD
for temporal consistency. All baselines were re-evaluated
using official implementations with consistent protocols
and spatial tiling for memory management. ATOKEN em-
ploys temporal tiling with KV-caching, leveraging its native
2048→2048 resolution support.

As shown in Tab. 10, ATOKEN-So/C achieves 33.11
PSNR on DAVIS and 36.07 PSNR on TokenBench, ap-
proaching specialized video-only models (Wan2.1 [107]:
33.50 and 36.11, Hunyuan [51]: 32.33 and 36.37). No-
tably, we demonstrate that transformers can match CNN
performance when properly designed – our method dramat-
ically outperforms OmniTokenizer’s transformer baseline
(21.06 vs 33.11 PSNR on DAVIS) while adding native res-



Table 10. Video reconstruction comparison on high-resolution benchmarks. We evaluate quality on DAVIS at 1080p and TokenBench
at 720p. All methods are re-evaluated using official implementations with consistent protocols for fair comparison. ATOKEN achieves
competitive performance with specialized video-only tokenizers while uniquely supporting both continuous and discrete representations
across modalities.

Comp.

Ratio

Latent

Size

Token

Type

DAVIS TokenBench

Tokenizer PSNR↓ SSIM↓ LPIPS↔ rFVD↔ PSNR↓ SSIM↓ LPIPS↔ rFVD↔
Continuous Latent

Cosmos-0.1-CV4→8→8 (4, 8, 8) 16 AE 32.25 0.894 0.219 19.15 34.33 0.924 0.155 8.34
OmniTokenizer (4, 8, 8) 8 VAE 21.06 0.800 0.315 206.34 19.39 0.782 0.275 173.48
Hunyuan (4, 8, 8) 16 VAE 32.33 0.907 0.194 22.94 36.37 0.944 0.129 3.78
Wan2.2 (4, 16, 16) 48 VAE 33.06 0.907 0.184 12.65 36.39 0.942 0.126 3.19

ATOKEN-So/C
Stage 2 (4, 16, 16) 48 VAE 32.29 0.902 0.196 13.50 35.63 0.937 0.139 3.63
Stage 3 (4, 16, 16) 48 VAE 33.11 0.907 0.189 10.76 36.07 0.940 0.135 3.01

Discrete Latent

OmniTokenizer (4, 8, 8) 8 VQ 20.62 0.770 0.346 240.20 19.89 0.787 0.293 202.46
Cosmos-0.1-DV4→8→8 (4, 8, 8) 6 FSQ 27.26 0.798 0.310 110.33 31.20 0.892 0.190 25.94

ATOKEN-So/D (4, 16, 16) 48 FSQ 29.75 0.846 0.288 41.42 33.12 0.913 0.193 22.16

Table 11. Zero-shot video-text retrieval on MSRVTT and MSVD. We compare ATOKEN against understanding-focused encoders on
standard video retrieval benchmarks. Despite optimizing for both reconstruction and understanding across three modalities, ATOKEN main-
tains reasonable retrieval performance.

MSRVTT (1K-A) MSVD

Methods Res. Text ↑ Video Video ↑ Text Text ↑ Video Video ↑ Text

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

CLIP-ViT-B/32 224 31.2 53.7 63.3 26.4 49.9 61.7 36.4 63.3 73.1 57.8 84.1 90.7
SigLIP2-So400m 256 41.9 66.3 75.7 32.4 55.4 65.9 55.5 81.2 87.8 72.7 91.7 96.1
VideoPrism-g 288 52.7 77.2 - 51.7 75.2 - - - - - - -
PE-Core-B16 224 45.8 70.1 78.1 45.5 70.9 80.0 48.7 75.5 84.1 79.1 96.7 98.8
PE-Core-L14 336 49.1 73.3 81.6 50.9 74.4 82.7 54.4 81.2 88.4 82.5 98.2 99.4

ATOKEN-So/C–224
Stage 1 224 40.8 65.3 75.2 31.0 55.0 63.7 53.9 79.9 87.3 72.4 93.0 95.4
Stage 2 224 40.1 64.9 75.2 30.9 53.7 64.0 53.4 79.6 87.1 71.6 91.9 95.5
Stage 3 224 40.2 64.9 75.2 30.5 53.1 63.2 53.5 79.5 87.1 72.4 91.6 95.4

ATOKEN-So/D 224 40.3 65.0 74.6 30.3 51.8 61.7 53.8 79.7 87.2 71.5 91.8 95.2

olution support. Furthermore, our progressive training re-
veals cross-modal benefits: incorporating 3D in Stage 3 im-
proves video reconstruction from 35.63 to 36.07 PSNR on
TokenBench, indicating that geometric understanding may
enhance temporal modeling.

For discrete tokenization, ATOKEN-So/D pioneers
multimodal video support, achieving 29.75 PSNR on
DAVIS—surpassing Cosmos-0.1-DV (27.26) and dramati-
cally outperforming OmniTokenizer (20.62), while main-
taining reasonable perceptual quality (0.288 LPIPS) for
downstream tasks.

Semantic Understanding. Tab. 11 evaluates zero-shot
video-text retrieval on MSRVTT [132] and MSVD [9]. Fol-
lowing standard protocols [66, 114], we use frame em-
bedding averaging with zero-padding. ATOKEN achieves
40.2% R@1 on MSRVTT and 53.5% on MSVD, maintain-
ing reasonable semantic alignment despite optimizing pri-

marily for reconstruction across three modalities. We note
that alternative pooling strategies without frame averaging
yielded lower performance, likely due to the limited video-
text pairs in our training data compared to dedicated video
understanding models. While understanding-only models
trained on large-scale video-text data achieve higher scores,
our results validate that unified tokenization successfully
balances reconstruction quality with semantic understand-
ing.

C.3. 3D Tokenization.

We evaluate ATOKEN’s 3D capabilities on Toys4k [95] for
reconstruction and semantic understanding. For reconstruc-
tion, ATOKEN-So/C achieves 28.28 PSNR and 0.062 LPIPS
(Tab. 12), surpassing the specialized Trellis-SLAT [125]
baseline (26.97 PSNR, 0.054 LPIPS) despite jointly training
across three modalities. This demonstrates that our unified



(a) (b) (c) (d) (e)

Figure 9. Learned representations across training stages. T-SNE visualizations of ImageNet class embeddings (colors indicate different
classes). (a) Stage 1: image-only training. (b) Stage 2: with video. (c) Stage 3: dense features before projection. (d) Stage 3: projected
48-dim latents. (e) Stage 4: before FSQ quantization. Dense features (a-c) show clear semantic clustering, while dimensional reduction
(d-e) leads to more mixed class distributions, suggesting a trade-off between compression and semantic separability.

Table 12. 3D reconstruction comparison on Toys4k. We aver-
age metrics across rendered multi-view images. ATOKEN achieves
comparable performance to specialized Trellis-SLAT despite
jointly optimizing for three modalities, demonstrating unified
training maintains strong 3D capabilities.

Method PSNR↓ SSIM↓ LPIPS↔
Specialized 3D Tokenizer

Trellis-SLAT 26.97 0.943 0.054

Our Unified Tokenizer (ATOKEN)
ATOKEN -So/C 28.28 0.951 0.062
ATOKEN -So/D 28.17 0.951 0.063

4D representation effectively captures geometric structure
without requiring dedicated 3D architectures.

For semantic understanding, ATOKEN-So/C achieves
90.9% zero-shot classification accuracy on Toys4k, validat-
ing that our approach maintains strong semantic represen-
tations for 3D objects alongside reconstruction capabilities.
Combined with our image and video results, this confirms
that all three modalities can coexist within a single tokenizer
without significant trade-offs.

C.4. Ablation Study

Representation Structure Analysis. Fig. 9 visualizes
learned representations through T-SNE projections across
training stages. Dense features (a-c) show clear semantic
clustering with distinct ImageNet class separation. How-
ever, projection to 48-dimensional latents (d-e) results in
more intermixed distributions, likely due to KL regulariza-
tion without post-projection alignment loss.

Despite this apparent mixing in T-SNE visualizations,
the model maintains strong reconstruction and understand-
ing performance, suggesting that semantic information may
be encoded in ways not captured by 2D projections. This
raises an interesting question: whether explicit semantic
clustering in low-dimensional spaces – as emphasized by
methods like VAVAE [140] – is necessary for strong perfor-
mance, or whether larger models can effectively leverage

seemingly intermixed representations. Our results suggest
the latter, though we leave detailed investigation of seman-
tic preservation through aggressive dimensionality reduc-
tion for future work.

Reconstruction Visualization. Figures 10-12 provide
qualitative comparisons of reconstruction quality across all
three modalities. For images (Fig. 10), ATOKEN operates
at a higher compression ratio (16→) than most baselines
yet achieves superior visual fidelity, particularly in preserv-
ing high-frequency details such as text clarity, fine textures,
and complex patterns. The comparison reveals that meth-
ods optimized for lower compression ratios (e.g., SD-VAE
and OmniTok at 8→) struggle with text legibility and texture
preservation, while ATOKEN maintains sharp details. For
video reconstruction (Fig. 11), ATOKEN demonstrates tem-
poral consistency comparable to specialized video tokeniz-
ers like Wan2.2, with both continuous and discrete variants
preserving motion smoothness across 720p sequences. The
3D reconstruction results (Fig. 12) highlight ATOKEN’s ad-
vantage in color consistency. While Trellis-SLAT exhibits
color shifts and artifacts, our unified training across modal-
ities transfers color understanding from images and videos
to improve 3D reconstruction.

D. Additional Downstream Results

D.1. Multimodal LLMs

To validate ATOKEN’s effectiveness for vision-language
understanding, we integrate it into SlowFast-LLaVA-
1.5 [134], replacing the Oryx-ViT [61] vision encoder with
ATOKEN-So/C while keeping all other settings identical. To
assess generalization, the ATOKEN parameters are frozen
during training, with only the SlowFast projector and LLM
updated. We evaluate using the lmms-eval [152] toolkit
and report official metrics without output filtering.

Image Understanding. Tab. 13 shows the image un-
derstanding results on 7 standard benchmarks, including



Figure 10. Qualitative comparison of image reconstruction performance across different tokenization methods. The latent shape
for a 256 ↑ 256 image patch is shown under each method name. Despite operating at higher compression ratios, ATOKEN demonstrates
superior reconstruction quality, particularly excelling in preserving high-frequency textures, fine details, and complex text elements.

Figure 11. Qualitative comparison of video reconstruction performance on 720p video sequences. The latent shape for each video
tokenization method is indicated under the method name. ATOKEN achieves comparable quality to specialized video-only methods while
uniquely supporting both continuous and discrete representations in a unified framework.



Table 13. Image understanding comparison across multimodal LLMs. Evaluation of SlowFast-LLaVA-1.5 with frozen ATOKEN-
So/C vision encoder versus Oryx-ViT and other state-of-the-art MLLMs. Results shown for 7 benchmarks (general QA and text-rich
understanding) across 1B, 3B, and 7B model scales.

Vision

Encoder

# Input

Pixels

General & Knowledge TextRich

RW-QA AI2D SQA MMMU MathV OCRBench TextVQA

Multimodal LLM (test) (test) (test) (val) (testmini) (test) (val)

1B Model Comparison

LLaVA-OV-0.5B SigLIP 5.31M 55.6 57.1 67.2 31.4 34.8 - -
MM1.5-1B CLIP 4.52M 53.3 59.3 82.1 35.8 37.2 60.5 72.5
MolmoE-1B MetaCLIP 4.10M 60.4 86.4 - 34.9 34.0 - 78.8
SlowFast-LLaVA-1.5-1B Oryx-ViT 2.36M 59.2 72.8 87.7 40.5 51.0 70.0 71.3

SlowFast-LLaVA-1.5-1B ATOKEN-So/C 2.36M 60.1 74.2 88.7 40.6 52.5 67.6 72.5

3B Model Comparison

BLIP3-4B SigLIP - 60.5 - 88.3 41.1 39.6 - 71.0
MM1.5-3B CLIP 4.52M 56.9 65.7 85.8 37.1 44.4 65.7 76.5
Phi-3.5-V-4B CLIP - - 78.1 91.3 43.0 43.9 - 72.0
SlowFast-LLaVA-1.5-3B Oryx-ViT 2.36M 63.4 77.0 90.3 44.7 58.6 73.4 73.0

SlowFast-LLaVA-1.5-3B ATOKEN-So/C 2.36M 64.3 79.1 89.7 45.7 58.4 73.3 72.8

7B Model Comparison

LLaVA-OV-7B SigLIP 5.31M 66.3 81.4 96.0 48.8 63.2 - -
MM1.5-7B CLIP 4.52M 62.5 72.2 89.6 41.8 47.6 63.5 76.5
Oryx1.5-7B Oryx-ViT 2.36M - 79.7 - 47.1 - 71.3 75.7
InternVL2.5-8B InternViT 9.63M 70.1 84.5 - 56.0 64.4 - 79.1
Qwen2-VL-7B DFN - 70.1 83.0 - 54.1 58.2 - 84.3
SlowFast-LLaVA-1.5-7B Oryx-ViT 2.36M 67.5 80.4 91.1 49.0 62.5 76.4 76.4

SlowFast-LLaVA-1.5-7B ATOKEN-So/C 2.36M 68.8 81.2 92.1 48.7 61.2 74.5 77.7

Table 14. Video understanding performance on multimodal LLMs. Evaluation of SlowFast-LLaVA-1.5 with frozen ATOKEN-So/C
vision encoder versus Oryx-ViT and other video MLLMs. Results shown for 6 benchmarks (general and long-form video understanding)
across 1B, 3B, and 7B model scales.

Vision

Encoder

# Input

Tokens

General VideoQA Long-Form Video Understanding

VideoMME PercepTest NExT-QA LongVideoBench MLVU LVBench

Multimodal LLM (w/o sub) (val) (test) (val) (m-avg) (avg)

1B Model Comparison

Apollo-1.5B SigLIP 3K 53.0 61.0 - 54.1 63.3 -
InternVL2.5-2B InternViT 16K 51.9 - 77.2 52.0 61.4 37.9
Qwen2-VL-2B DFN 16K 55.6 53.9 77.2 48.7 62.7 39.4
SlowFast-LLaVA-1.5-1B Oryx-ViT 9K 56.6 61.9 76.7 54.3 64.3 39.7

SlowFast-LLaVA-1.5-1B ATOKEN-So/C 9K 56.7 63.9 74.8 55.1 64.7 41.1

3B Model Comparison

InternVL2-4B InternViT 16K 53.9 53.9 71.1 53.0 59.9 35.1
LinVT-Blip3-4B SigLIP - 58.3 - 80.1 56.6 67.9 -
Apollo-3B SigLIP 3K 58.4 65.0 - 55.1 68.7 -
SF-LLaVA-1.5-3B Oryx-ViT 9K 60.8 65.8 80.8 57.2 68.8 43.3

SF-LLaVA-1.5-3B ATOKEN-So/C 9K 60.4 66.0 80.8 57.2 66.7 41.3

7B Model Comparison

Oryx1.5-7B Oryx-ViT 14K 58.8 70.0 81.8 56.3 67.5 39.0
LLaVA-Video-7B SigLIP 11K 63.3 66.9 83.2 58.2 70.8 -
Apollo-7B SigLIP 3K 61.3 67.3 - 58.5 70.9 -
InternVL2.5-8B InternViT 16K 64.2 - 85.0 60.0 69.0 43.2
Qwen2-VL-7B DFN 16K 63.3 62.3 81.2 55.6 69.8 44.7
SlowFast-LLaVA-1.5-7B Oryx-ViT 9K 63.9 69.6 83.3 62.5 71.5 45.3

SlowFast-LLaVA-1.5-7B ATOKEN-So/C 9K 64.5 70.3 83.7 60.6 69.8 44.8



Table 15. Text-to-image and text-to-video generation benchmarks. We compare ATOKEN Stages 2-3 with specialized video tokenizers
(Cosmos, Hunyuan, Wan) under resource-constrained settings. Higher scores indicate better performance across all metrics. All models
trained with identical data and model sizes for fair comparison.

Comp.

Ratio

Latent

Size

Patch

Size

T2I T2V: VBench

Tokenizer CLIP Pick GenEval Quality Semantic Total

Cosmos-0.1-CV4!8!8 (4, 8, 8) 16 2 32.16 21.47 62.14% 77.27% 65.13% 74.84%
Hunyuan (4, 8, 8) 16 2 32.49 21.66 66.11% 79.52% 72.03% 78.02%
Wan2.1 (4, 8, 8) 16 2 32.45 21.62 65.57% 79.74% 74.01% 78.60%

ATOKEN-So/C
Stage 2 (4,16,16) 48 1 32.44 21.59 63.08% 79.30% 72.42% 77.92%
Stage 3 (4,16,16) 48 1 32.50 21.74 64.61% 79.82% 73.04% 78.46%

RW-QA1, AI2D [47], SQA [64], and MMMU [147], and
MathVISTA [65] for general image QA, as well as OCR-
Bench [60] and TextVQA [92] for text and document un-
derstanding. To position our models relative to state-of-
the-art methods, we compare it against LLaVA-OV [55],
MM1.5 [151], Molmo [18], BLIP3 [136], Phi-3.5-V [1], In-
ternVL2.5 [153], and Qwen2-VL [111].

Here we highlight some key observations. First, com-
pared to Oryx-ViT, a specific vision encoder for multimodal
understanding, SlowFast-LLaVA-1.5 with ATOKEN as vi-
sion encoder shows overall better performance on im-
age understanding across different model scales. Specif-
ically, Tab. 13 shows that SlowFast-LLaVA-1.5-7B with
ATOKEN outperforms Oryx-ViT under the same MLLM by
1.3% on RW-QA, 1.0% on SQA, and 1.3% on TextVQA.
Second, ATOKEN shows strong generalization ability across
different tasks and model scales. For reference, using
ATOKEN, SlowFast-LLaVA-1.5-3B achieves superior re-
sults on almost all benchmarks. On RW-QA and AI2D,
ATOKEN outperforms Oryx-ViT across the 1B, 3B, and 7B
scales and achieves very competitive performance.

Video Understanding. The video understanding results
are summarized in Tab. 14, covering a range of video tasks.
Video-MME [27], PercepTest [83], and NExT-QA [126] as-
sess general video QA, whereas LongVideoBench [121],
MLVU [159], and LVBench [113] focus on temporal un-
derstanding on long-range context. We compared with both
video specialist models, such as Apollo [160], LLaVA-
Video [155], and LinVT [29], and unified image-video
MLLMs, such as Oryx1.5 [61], InternVL2.5 [153], and
Qwen2VL [111].

We outline several key observations. First, ATOKEN ex-
cels at smaller model scales. For reference, SlowFast-
LLaVA-1.5-1.5B with ATOKEN achieves state-of-the-art
performance on almost all benchmarks (e.g., outperform-
ing Oryx-ViT by 0.8% on LongVideoBench and 1.4% on

1https://huggingface.co/datasets/xai-org/RealworldQA

LVBench). Second, ATOKENprovides more performance
gain on general video QA benchmarks. Specifically, it
achieves state-of-the-art results on VideoMME (e.g., 64.5%
with 7B LLM) and PercepTest (e.g., 70.3% with 7B LLM)
across scales. Third, we note the strong performance of
Oryx-ViT on long-form video understanding, particularly
on MLVU. We hypothesize that this advantage arises be-
cause (i) Oryx-ViT was specifically designed for video un-
derstanding in LLMs and (ii) it was trained on long-video
retrieval tasks. Future work to address this gap includes
incorporating more long videos into our training data to
strengthen temporal modeling over long-range context.

D.2. Text to Video Generation

To assess the text-to-video (T2V) capabilities of the
ATOKEN-So/C tokenizers, we integrate them into a video
generation model. Our model is built upon the MMDiT
backbone [23] and incorporates design elements from re-
cent video architectures [51, 80, 107]. Due to compu-
tational constraints, we conduct experiments with smaller
models and limited training data, maintaining consistent
settings across all tokenizers for fair comparison. Following
a standard two-stage training approach, we first pretrain the
model from scratch on text-to-image (T2I) tasks with each
tokenizer. We then adapt this image model for video gen-
eration, enabling evaluation on both T2I and T2V bench-
marks. To provide a fair and efficient basis for comparing
tokenizers, all training is conducted at low resolutions, us-
ing 256→256 for images and 192→336 for videos.

For T2I evaluation, we report CLIP-Score [39], Pick-
Score [50], and GenEval [32]. For T2V tasks, we evalu-
ate performance using the VBench benchmark [42]. We
compare our results against state-of-the-art video tokeniz-
ers, namely Cosmos [4], Hunyuan [51], and Wan [107]. To
ensure a fair comparison, we normalize the effective token
budget for video generation across all tokenizers by adjust-
ing the patch size. For example, we use a patch size of 2→2
for 8→8 spatial compression and 1→1 for 16→16 compres-
sion. Additionally, for T2V generation, we adjust the clas-



Figure 12. 3D Reconstruction Visualization on Toys4k. ATOKEN’s improved color consistency results in a higher PSNR compared to
specialized 3D tokenizer Trellis-SLAT.

Figure 13. Image-to-3D Generation Visualization on Toys4k.

sifier free guidance (CFG) scale to account for differences
in channel size, using a scale of 9.0 for a channel size of 48
and 4.5 for a channel size of 16.

As shown in Tab. 15, our ATOKEN-So/C tokenizers
achieve results comparable to specialized video-optimized
tokenizers across all metrics, outperforming Cosmos and
matching the performance of Hunyuan and Wan, even
though ours are designed for a broader range of tasks.

D.3. Image to 3D Synthesis

To validate the utility of our learned discrete tokens for
downstream generative tasks, we train an image-to-3D
synthesis model. Following the methodology of Trellis-
SLAT [125], we adopt their diffusion model architecture
and training regimen. We replace their original 3D tokens
with the tokens generated by our ATOKEN-So/C. For a
fair comparison, all inference hyperparameters, such as the
number of diffusion steps and classifier-free guidance scale,
are kept identical to those reported in the original work.

As shown in Fig. 13, our approach successfully generates
3D assets from single conditioning images, demonstrating
that our tokens are suitable for complex generative model-

ing. However, we observe that the performance does not
yet match the fidelity of the original Trellis-SLAT model.
Specifically, while our tokenizer demonstrates excellent re-
construction capabilities that preserve color and structure
(as in Fig. 12), the generative model sometimes struggles
to maintain this consistency. The generated assets do not
always adhere strictly to the color and style of the input im-
age.

We hypothesize that this discrepancy arises from the sig-
nificantly larger latent channel dimension of our tokenizer.
ATOKEN-So/C uses 48 latent channels to accommodate rich
multimodal information, a substantial increase from the 8
channels used in Trellis-SLAT. A diffusion model operating
in this higher-dimensional space likely requires further op-
timization of training and inference hyperparameters (e.g.,
conditioning strength, diffusion schedule) to leverage the
conditioning signal fully. We leave the exploration of these
optimizations as a promising direction for future work.



Figure 14. ImageNet Generation Samples Using Continuous Token.

Figure 15. ImageNet Generation Samples Using Discrete Token.
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