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We present ATOKEN, the first unified visual tokenizer that
achieves both high-fidelity reconstruction and semantic un-
derstanding across images, videos, and 3D assets. Un-
like existing tokenizers that specialize in either reconstruc-
tion or understanding for single modalities, ATOKEN en-
codes these diverse visual inputs into a shared 4D la-
tent space, unifying both tasks and modalities in a sin-
gle framework. Specifically, we introduce a pure trans-
former architecture with 4D rotary position embeddings to
process visual inputs of arbitrary resolutions and tempo-
ral durations. To ensure stable training, we introduce an
adversarial-free training objective that combines percep-
tual and Gram matrix losses, achieving state-of-the-art re-
construction quality. By employing a progressive training
curriculum, ATOKEN expands from single images, videos,
and 3D, and supports both continuous and discrete latent
tokens. ATOKEN achieves 0.21 rFID with 82.2% ImageNet
accuracy for images, 3.01 rFVD with 40.2% MSRVTT re-
trieval for videos, and 28.3 PSNR with 90.9% accuracy for
3D. In downstream applications, ATOKEN enables visual
generation tasks and understanding tasks, achieving com-
petitive performance across all benchmarks. These results
shed light on next-generation multimodal Al systems built
upon unified visual tokenization.

1. Introduction

Large Language Models (LLMs) [1, 7, 17, 42, 43] have
achieved unprecedented generalization, with single models
handling coding, reasoning, translation, and numerous other
tasks that previously required specialized systems. This
versatility largely stems from transformer architectures and
simple tokenizers, such as BPE [39], which convert all text
types — code, documents, tables, and multiple languages
— into a unified token space. This shared representation
enables efficient scaling and seamless knowledge transfer
across language tasks.

*Leading authors, equal contribution.
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Figure 1. ATokenon images, videos, and 3D. Our method uses a
shared 4D latent space (left) to produce high-fidelity reconstruc-
tions (middle: zoomed regions for images, temporal frames for
videos, viewpoints for 3D) while preserving semantic understand-
ing (right: zero-shot text retrieval).

In contrast, visual representations remain fragmented
due to inherent complexities. Unlike text’s discrete sym-
bolic nature, visual tasks demand distinct levels of abstrac-
tion: generation requires tokenizers that preserve low-level
visual details for reconstruction, while understanding re-
quires encoders that extract high-level semantic features
through text alignment. Moreover, visual data exists in dis-
parate formats: 2D grids for images, temporal sequences for
videos, and varied 3D representations (e.g., meshes, voxels,
and Gaussian splats) [2, 31, 32]. Without a shared represen-
tation, vision systems remain limited, unable to achieve the
generalization and transfer learning that characterizes mod-
ern language models.

Despite recent progress, unified visual tokenizers face
three fundamental challenges. First, existing approaches
optimize for either reconstruction or understanding, but not
both: visual encoders [5, 36, 67] achieve semantic align-
ment but lack pixel-level detail, while VAE-based tokeniz-
ers [11, 34, 37, 63] preserve visual details but lack seman-
tic understanding. Second, architectural choices create dif-
ferent limitations: convolutional tokenizers plateau when
scaling model parameters [58], while transformer tokeniz-
ers [18, 46, 62] achieve better scaling but suffer from severe
adversarial training instabilities. Third, recent unification
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efforts remain limited to images [9, 28, 55], while video
and 3D modalities remain unexplored.

We present ATOKEN, a general-purpose visual tokenizer
that achieves high-fidelity reconstruction and rich seman-
tic understanding across images, videos, and 3D. Our
model learns a unified representation that captures both
fine-grained visual details and high-level semantics, acces-
sible through progressive encoding: semantic embeddings
for understanding, low-dimensional continuous latents for
generation, and discrete tokens via quantization. This de-
sign enables the next generation of multimodal systems
that seamlessly handle both understanding and generation
across visual modalities.

To address format discrepancies across visual modali-
ties, we introduce a sparse 4D representation where each
modality naturally occupies different subspaces: images as
2D slices, videos as temporal stacks, and 3D assets as sur-
face voxels extracted from multi-view renderings [56]. We
implement this through a pure transformer architecture with
space-time patch embeddings and 4D Rotary Position Em-
beddings (RoPE), enabling efficient scaling and joint mod-
eling across all modalities while maintaining native resolu-
tion and temporal length processing.

To overcome training instabilities that affect transformer
based visual tokenizers, we develop an adversarial-free loss
combining perceptual and Gram matrix terms. This ap-
proach achieves state of the art reconstruction quality while
maintaining stable, scalable training. We introduce a pro-
gressive curriculum that builds capabilities incrementally:
starting from a pretrained vision encoder, jointly optimizing
reconstruction and understanding for images, extending to
videos and 3D data, with optional quantization for discrete
tokens. This curriculum reveals that multimodal training
can enhance rather than compromise single-modality per-
formance — our final model achieves better image recon-
struction than earlier image-only stages while maintaining
strong semantic understanding.

ATOKEN demonstrates significant advances in both scal-
ability and performance. The model natively processes arbi-
trary resolutions and time durations, and accelerates infer-
ence through KV-caching mechanisms. To validate its ef-
fectiveness, we conduct comprehensive evaluations across
three dimensions: reconstruction quality, semantic under-
standing, and downstream applications. These experiments
confirm that ATOKEN achieves competitive or state-of-the-
art performance across all modalities while maintaining
computational efficiency.

2. Background

Visual tokenization transforms raw visual data into compact
representations for understanding and generation tasks, but
existing approaches remain fragmented across modalities
and objectives, lacking language models’ versatility. Due

to space limitations, we defer comprehensive discussion to
the Appendix.

Task Specialization. Current visual tokenizers fall into
two distinct categories: reconstruction methods (SD-VAE
[37], VQGAN [11], GigaTok [58], Cosmos [3]) excel at
compression for generation but cannot extract semantic fea-
tures; understanding encoders (CLIP [36], SigL.IP2 [44],
VideoPrism [69]) produce rich semantics but cannot recon-
struct content. Only VILA-U [55] and UniTok [28] attempt
both, limited to images. This divide prevents models that
excel at both generation and understanding.

Modality Fragmentation. Beyond task specialization,
visual tokenizers are limited to specific modalities. While
most video tokenizers naturally handle images as single-
frame videos (e.g., TAE [34], Hunyuan [20]), they cannot
process 3D data. Conversely, 3D tokenizers like Trellis-
SLAT [56] are restricted to 3D-only data, unable to leverage
the massive image and video data for pretraining. Under-
standing tasks face similar constraints: image encoders pro-
cess videos frame-by-frame without temporal compression,
while dedicated video encoders [49, 69] lack image-specific
optimizations.

Architectural Trade-offs. Key design trade-offs emerge
across methods: (1) Architecture: Understanding encoders
use transformers while reconstruction tokenizers favor con-
volutions (SD-VAE [37]), with recent hybrid (GigaTok
[58]) and pure transformer (ViTok [18]) approaches, the
latter suffering from adversarial training instabilities. (2)
Token representation: Methods choose discrete tokens for
LLM compatibility (VQGAN [11]) or continuous tokens
for reconstruction quality (TAE [34]), with few supporting
both. (3) Resolution handling: Convolutions naturally han-
dle arbitrary resolutions, while only SigLIP2 [44] among
transformers supports native resolution. (4) Training ob-
jectives: GAN-based training dominates reconstruction to-
kenizers despite instabilities.

3. Model

This section describes ATOKEN’s architecture and training.
We present our unified 4D representation for all modali-
ties (Sec. 3.1), the transformer architecture processing these
representations (Sec. 3.2), adversarial-free training objec-
tives (Sec. 3.3), and a progressive curriculum for multi-
modal learning (Sec. 3.4), followed by implementation de-
tails (Sec. 3.5).

3.1. Unified Latent Representation

Unified Modalities — Image, Video and 3D. Our central
insight is that all visual modalities can be represented within
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Figure 2. Overview of our method. All modalities undergo unified space-time patchification and encoding into sparse 4D latents,
which support reconstruction through modality-specific decoders and understanding through attention pooling and text alignment. The
architecture optimizes reconstruction and understanding losses, maintaining sparse representations for efficient multimodal processing.

a shared 4D space. As illustrated in Fig. 2, we process each
modality through space-time patchification to produce sets
of feature-coordinate pairs:
z={(zi,p)},, 2z €RY p;c{0,1,....N—-1}*
1
where z; represents the latent feature at position p; =
[t,X,y,z] in 4D space (temporal and spatial coordinates),
with IV defining the resolution along each axis and L the
number of active locations.

This sparse representation unifies all modalities by ac-
tivating only their relevant dimensions: images occupy the
(x,y) plane at t = z = 0, videos extend along the temporal
axis with z = 0, and 3D assets as surface voxels in (x, y, z)
space with t = 0. For 3D assets, we adapt Trellis-SLAT
[56] by rendering multi-view images from spherically sam-
pled cameras, applying our unified patchification, then ag-
gregating features into voxel space (detailed in Sec. 3.2).
This approach enables a single encoder £ to process all
modalities without architectural modifications.

Unified Tasks — Reconstruction and Understanding.
From the unified structured latents z = {(z;,p;)}, we
extract representations for reconstruction and understand-
ing through complementary projections. For reconstruc-
tion, we project each latent to a lower-dimensional space
z" = W,(z) with KL regularization [37], optionally ap-
plying FSQ [30] for discrete codes 2" = FSQ(z"). The
decoder Dy reconstructs the input from these latents. For
understanding, we aggregate latents via attention pooling
[36, 44] into a global representation z, which is projected
to z° = W,(Zz) for alignment with text embeddings. This
dual projection design allows joint optimization without ar-
chitectural duplication — the same encoded features z sup-

port both pixel-level reconstruction through individual la-
tents and semantic understanding through their aggregation.

3.2. Transformer based Architecture

Unified Space-Time Patch Embedding. We employ a
unified patchification scheme that enables all modalities to
share the same encoder. Given an input & € RT*H>xWx3,
we partition it into non-overlapping space-time patches of
size t X p X p. For images (1" = 1), we apply temporal zero-
padding to create ¢t-frame patches, ensuring consistent di-
mensions across modalities. Videos are directly partitioned
along both spatial and temporal dimensions.

For 3D assets, we adapt Trellis-SLAT [56] to our unified
pipeline. As shown in the Appendix, we render multi-view
images from spherically sampled cameras and apply our
standard space-time patchification. Each voxel in a 643 grid
is back-projected to gather and average patch features from
relevant views. Unlike [56], which uses DINOv2 features,
we achieve comparable quality using our unified patch rep-
resentation.

Sparse Transformer Encoder and Decoder. We employ
a unified transformer architecture for both encoder and de-
coder, as illustrated in Fig. 2. Both components process
sparse structured representations — sets of feature-position
pairs rather than dense grids — enabling efficient handling
of all modalities with native support for arbitrary resolu-
tions and temporal lengths.

Our encoder £ extends the pretrained SigL.IP2 vision
tower [44] from 2D images to 4D representations through
two modifications. First, we generalize patch embedding to
space-time blocks of size ¢ X p X p, with zero-initialized tem-
poral weights preserving the image features. Second, we
augment learnable 2D position embeddings with 4D RoPE
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Figure 3. Adversarial-free training with Gram loss achieves stable, high-fidelity reconstruction. (a) GAN training fails as the discrim-
inator overpowers the generator, degrading rFID. (b) rFID decomposition shows 86.6% of error from covariance (texture/style) vs. 13.4%
from mean. (c) Gram loss directly optimizes second-order statistics without adversarial training, achieving superior and stable rFID.

Reconstruction Loss.

While GANSs [16] are standard for

[24] applied in every attention layer, providing relative po-
sition awareness across (t,x,y,z) dimensions. This design
maintains SigL.IP2’s semantic priors and resolution flexibil-
ity while enabling unified processing across modalities.

The decoder D shares the encoder’s transformer archi-
tecture but is trained from scratch for reconstruction. It
maps structured latents back to visual outputs through task-
specific heads. For images and videos, we decode directly
to pixel space:

DP : {(ziapi)}le — X C RTXHXWX:} (2)

treating images as single-frame videos (I' = 1) and dis-
carding temporal padding following [34]. For 3D assets,
we first decode to pixel-space features, then apply an ad-
ditional layer to generate Gaussian splatting parameters for
efficient rendering:

Dgs : {(zivpi)}iLzl - {{(Ofv Cf, Sf? ai'cv rz]'@)}szl}le
3)
where each location generates K Gaussians with parame-
ters: position offset o, color ¢, scale s, opacity «, and rota-
tion r. Following [56], we constrain Gaussian positions to
remain near their source voxels using ¥ = p;+tanh(o}),
ensuring local feature coherence.

3.3. Training Objectives

We jointly optimize for reconstruction and understanding
through an adversarial-free training loss:

L= >\rec£rec + /\semLsem + AKLLKL (4)

where Lk is the KL regularization on projected reconstruc-
tion latents 2", with weights Awec, Asem» AxkL- We achieve
state-of-the-art reconstruction without adversarial training,
which is unstable at scale [52] and incompatible with sparse
3D representations.

visual tokenizers, we found them unsuitable for our trans-
former architecture. Fig. 3(a) shows the discriminator
rapidly dominates the generator, causing mode collapse and
degraded reconstruction quality. To develop an alternative,
we analyzed the reconstruction error by decomposing rFID
into mean and covariance components (Fig. 3(b)). The co-
variance component — capturing second-order statistics like
texture and style — dominates at 86.6%, while the mean con-
tributes only 13.4%. This motivated adopting Gram ma-
trix loss [15], which directly optimizes feature covariance
without adversarial training by computing the Gram ma-
trix G(F) = FF for feature maps from different layers.
As shown in Fig. 3(c), this achieves superior performance
throughout training. For images, we combine four comple-
mentary loss components:

ﬁiec = MLy + Aeees Lipies + AgramLcoram + AcLipLerp

(5)
where £, = ||@ — &||; provides pixel supervision, Ly pps
[68] measures perceptual similarity, Lgram captures tex-
ture, and Lcpp enforces semantic consistency. For video
and 3D assets, we use LY?P = £, for efficiency, relying on
cross-modal transfer from images for details:

L= >\rec£rec + /\semﬁsem + >\KL£KL (6)

where Ly is the KL regularization term applied to the pro-
jected reconstruction latents 2", with Arec, Asem and Agp, bal-
ancing components. Notably, we achieve state-of-the-art re-
construction quality without adversarial training, which has
been observed to be unstable when scaling [52] and incom-
patible with our sparse 3D representations.

Semantic Loss. We align visual representations z° with
text embeddings through modality-specific objectives. For
images, we distill knowledge from the frozen SigLIP2 vi-
sion encoder by minimizing the KL divergence between
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Figure 4. Progressive training curriculum of AToken. Our model starts from SigLIP2 image understanding and progressively adds:
(1) image reconstruction, (2) video capabilities with temporal modeling, (3) 3D understanding with expanded resolutions, and (4) discrete
tokenization via FSQ. Each box shows the new capabilities introduced at that stage, with resolutions, patch sizes, and sampling strategies.

temperature-scaled vision-text similarity distributions:

Ll = KL (softmax (7! 8" || softmax (7~ s4))

@)
where s'%her and s%Udent are vision-text similarity scores
from frozen Sigl.IP2 and our model respectively, both
paired with the same frozen text encoder, and 7 is the tem-
perature parameter. For videos and 3D, we optimize align-
ment using the sigmoid loss from SigLIP [67], which proves
more stable for smaller batch sizes in these domains. This
dual strategy preserves pretrained image semantics while
enabling efficient learning for new modalities.

3.4. Training Strategy

Our training employs a four-stage curriculum (Fig. 4) that
builds from image foundations to video dynamics to 3D ge-
ometry, with optional discrete quantization. Starting from
the pretrained SigLIP2 vision encoder, we gradually in-
troduce more complex objectives and modalities while us-
ing gradient accumulation to balance image-text distilla-
tion with reconstruction, video-text alignment, and 3D-
text alignment across all stages. This ensures semantic
alignment is preserved as reconstruction capabilities expand
through round-robin sampling.

Stage 1: Image Foundation. Starting from pretrained
SigLIP2, we establish core visual representations by adding
image reconstruction capabilities with 32 latent dimensions.
Training uses variable resolution from 64 to 512 pixels.
Stage 2: Video Dynamics. We extend to temporal se-
quences, expanding latent dimensions to 48 for motion
complexity [38]. Resolution increases to 1024 for images
and 512 for videos. We employ temporal tiling with adap-
tive sampling and KV-caching as illustrate in Fig. 5 to elim-
inate redundant computation.

Stage 3: 3D Geometry. We incorporate 3D assets as 64>
voxel grids, using Gaussian splatting for reconstruction and
attention pooling for understanding. Resolution further in-
creases to 2048 for images and 1024 for videos. Joint opti-
mization across modalities prevents catastrophic forgetting
while leveraging cross-modal learning.

Stage 4: Discrete Tokenization. Optionally, we add FSQ
quantization [30], partitioning 48-dimensional latents into 8

Reconstructed | | | | I ‘
video

Temporal tiles

Temporal latent
tiles with KV-cache

Decoded latent
with KV-cache

Figure 5. Overview of the video decoding process. During de-
coding, we use KV-caching across temporal tiles to eliminate re-
dundant computation while maintaining temporal coherence.

discrete tokens from 4096-entry codebooks, enabling com-
patibility with discrete generative models across domains.
See Appendix for complete training configurations.

3.5. Implementation Details

Our encoder and decoder each contain 27 transformer
blocks with hidden dimension d = 1152 and 16 attention
heads. The encoder is initialized from SigLIP-SO400M-
patchl6-naflex [44], while the decoder is trained from
scratch. We optimize using AdamW with 8, = 0.9, 5 =
0.95, and weight decay 0.1. The learning rate follows linear
warmup for 2,000 steps to 7y = 3 x 1074, then cosine an-
nealing to 7in = 3 X 107°. Given the pretrained encoder,
we apply a learning rate Mepcoger = 0.1 X 7pase and use expo-
nential moving average with decay rate v = 0.9999.
Training utilizes 256 H100 GPUs with adaptive global
batch sizes optimized for each task’s memory requirements.
Image understanding maintains 8,192 samples throughout
all stages, while reconstruction tasks scale with complexity:
image reconstruction uses 1,024-4,096, video reconstruc-
tion uses 512, and 3D reconstruction uses 256-512. Stage 1
uses 64 GPUs, expanding to the full 256 GPUs for Stages 2-
3 as modalities are added. The four-stage curriculum trains
for 200k, 200k, 50k, and 100k iterations, respectively, with
each stage initialized from the previous checkpoint.
Throughout training, we maintain fixed loss coefficients:
Aec = 0.2, Aem = 1.0, and Az = 1078, Within re-
construction (Eq. 5), we set Ay = 1.0, Apppps = 10.0,
Xoram = 103, Aep = 1.0, and 7 = 2.0. We normal-
ize reconstruction losses over patches rather than summing
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Table 1. Performance comparison of visual tokenizers across modalities. We evaluate on ImageNet for image reconstruction and zero-
shot classification, TokenBench for video reconstruction with MSR-VTT, and Toys4k for 3D reconstruction and classification. ATOKEN is
the only tokenizer supporting all three modalities. Discrete tokenizers are indicated with gray shading.

Image Video 3D
Comp. Latent Token
Method Ratio Channels Type PSNRT rFID| Acc.t PSNRT rFVD] R@1t PSNRT LPIPS| Acct
Reconstruction Only
SD-VAE [37] 1, 8, 8) 4 VAE 26.26 0.61 - - - - - -
VA-VAE [61] (1, 16, 16) 32 VAE 27.70 0.28 - - - - - -
GigaTok-XL-XXL [58] (1, 16, 16) 8 vVQ 22.42 0.80 - - - - -
Cosmos-0.1-CV8x8 [3] (4, 8, 8) 16 AE 30.11 7.55 - 34.33 8.34 - - -
Wan2.2 [45] (4,16, 16) 48 VAE 31.25 0.75 - 36.39 3.19 - - -
OmniTokenizer [46] 4, 8, 8 8 vQ 24.69 1.41 - 19.89 202.46 - - -
Cosmos-0.1-DV8x8 [3] (4, 8, 8) 6 FSQ 26.34 7.86 - 31.42 25.94 - -
Trellis-SLAT [56] - 8 VAE - - - - - 26.97 0.054
Understanding Only
SigLIP2-So/16 [44] (1, 16, 16) - - - - 83.4 - - 41.9 - -
PEcoreL [5] (1,14, 14) - - - - 83.5 - - 50.3 - -
Reconstruction & Understanding
VILA-U [55] (1, 16, 16) 16 RQ 22.24 4.23 78.0 - - - - -
UniTok [29] (1, 16, 16) 64 MCQ 25.34 0.36 78.6 - - - - -
ATOKEN-So/D (4, 16, 16) 48 FSQ 27.00 0.38 82.2 33.12 22.16 40.3 28.17 0.063 91.3
ATOKEN-So/C
Stage 1 (4, 16, 16) 32 VAE 28.77 0.26 823 - - - -
Stage 2 (4, 16, 16) 48 VAE 29.55 0.25 82.2 35.63 3.63 40.1 - - -
Stage 3 (4,16, 16) 48 VAE 29.72 0.21 82.2 36.07 3.01 40.2 28.28 0.062 90.9

[11], providing stable gradients across resolutions.

Training data follows our progressive curriculum: DFN
[13], Open Images [21], and internal datasets for im-
ages; WebVid [4] and TextVR [54] for video understanding
with Panda70M [6] for reconstruction; Objaverse [8] with
Cap3D [27] for 3D. Datasets are sampled proportionally to
their size, with task ratios detailed in Appendix.

4. Results

We evaluate ATOKEN as the first visual tokenizer to achieve
reconstruction and understanding across images, videos,
and 3D assets. Our experiments show that unified tokeniza-
tion achieves competitive performance across all modalities
(Sec. 4.1), reveals insights about model scaling and cross-
modal benefits (Sec. 4.2), integrates seamlessly into exist-
ing pipelines (Sec. 4.3), and enables high-quality generation
(Sec. 4.4). The Appendix provides detailed per-modality
evaluations and downstream applications.

4.1. Unified Tokenizer Evaluation

Tab. | compares visual tokenizers across modalities us-
ing ImageNet [10], TokenBench [3], MSR-VTT [59] for
video, and Toys4k [41] for 3D. Existing approaches fall
into three limited categories: reconstruction-only tokeniz-
ers [37, 45, 56] excel at generation but lack semantics;
understanding-only encoders [5, 44] provide semantics but
cannot reconstruct; recent unified attempts [28, 55] combine
both but remain image-only.

ATOKEN-So/C breaks these boundaries as the first uni-
fied tokenizer across all modalities, achieving 0.21 rFID

with 82.2% ImageNet accuracy (vs. UniTok’s 0.36 rFID
and 78.6%), while extending to video (3.01 rFVD, 40.2%
R@1) and 3D (28.28 PSNR, 90.9% accuracy), matching
specialized methods like Wan2.2 [45] and Trellis-SLAT.
Our discrete variant (ATOKEN-So/D) maintains competi-
tive performance, pioneering discrete tokenization across
all modalities.

The progressive training stages reveal unexpected cross-
modal synergies. Starting from Stage 1 with 28.77 PSNR
and 0.26 rFID, ATOKEN-So/C improves to 29.55 PSNR and
0.25 rFID when video is added in Stage 2, and further to
29.72 PSNR and 0.21 rFID with 3D integration in Stage
3. This 19% reduction in rFID (0.26—0.21) challenges
the conventional wisdom that unified models must sacrifice
quality for generality. Most strikingly, video reconstruction
improves from 35.63 to 36.07 PSNR when 3D is added in
Stage 3, with tFVD dropping 17%, suggesting that geomet-
ric understanding from 3D data provides valuable inductive
biases for temporal modeling. The progressive architecture
expansion from 32 to 48 latent channels between Stages 1
and 2 accommodates these complementary signals.

Fig. 6 shows the qualitative examples of image and video
reconstruction. Due to space constraints, detailed evalu-
ations with comprehensive baselines on additional bench-
marks for all three modalities are provided in Appendix.

4.2. Scaling and Cross-Modal Benefits

To understand why multimodal training enhances rather
than degrades performance, we investigate the role of model
capacity by comparing So400m model (800M) with a
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Figure 6. Qualitative comparison of image and video reconstruction performance. Despite operating at a higher compression ratio,
ATOKEN outperforms SoTA methods in handling high-frequency textures and complex text.
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S0400m model maintains or improves performance across all stages, while the Base model shows significant degradation when extending
beyond single-modality training, indicating that sufficient model capacity is critical for successful multimodal visual tokenization.

smaller Base variant (192M) following identical training
procedures. The Base model uses the same architecture ini-
tialized from SigLIP-Base-patch16-naflex [44].

Fig. 7 reveals a critical capacity threshold for mul-
timodal tokenization. While both S0o400m (800M) and
Base (192M) models achieve reasonable single-modal per-
formance in Stage 1, their trajectories diverge dramati-
cally with multimodal expansion. The Base model suf-
fers catastrophic interference — ImageNet rFID deteriorates
49% (0.323—0.483) while video PSNR declines monoton-
ically. This demonstrates that multimodal tokenization re-
quires sufficient capacity: below ~200M, modalities com-
pete destructively for representation space; at 800M, they
leverage the complementary signals described above.

4.3. Multimodal LLMs

To validate ATOKEN’s effectiveness for multimodal LLMs,
we integrate it into SlowFast-LLaVA-1.5 [60], replacing the

Oryx-ViT [23] vision encoder with ATOKEN-So/C.

Tab. 2 shows consistent improvements across 7 image
understanding benchmarks. The 7B SlowFast-LLaVA with
ATOKEN outperforms the Oryx-ViT baseline on all tasks,
with notable gains on question-answering (1.3% on RW-
QA, 1.3% on TextVQA) and reasoning benchmarks (1.0%
on SQA). These improvements demonstrate strong general-
ization despite ATOKEN being frozen during training.

For video understanding (Tab. 3), ATOKEN achieves
competitive performance across both general video QA and
long-form tasks. We observe gains on VideoMME (64.5%
vs 63.9%) and PercepTest (70.3% vs 69.6%), surpass-
ing specialized models like Qwen2-VL-7B. While Oryx-
ViT shows advantages on certain long-form benchmarks
(MLVU, LongVideoBench), likely due to video-specific op-
timizations, ATOKEN provides strong unified performance
across modalities without specialized engineering. Results
for additional model scales are provided in the Appendix.
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Table 2. Image understanding comparison across multimodal LLMs. Evaluation of SlowFast-LLaVA-1.5 with frozen ATOKEN-So/C
vision encoder versus Oryx-ViT and other MLLMs. Additional comparisons are provided in Appendix.

General & Knowledge TextRich
Vision #Input RW-QA AI2D[19] SQA [25] MMMU [66] MathV [26] OCRBench [22] TextVQA [40]
Multimodal LLM Encoder Pixels (test) (test) (test) (val) (testmini) (test) (val)
InternVL2.5-8B [50] InternViT 9.63M 70.1 84.5 - 56.0 64.4 - 79.1
Qwen2-VL-7B [47] DFN - 70.1 83.0 - 54.1 58.2 - 84.3
SlowFast-LLaVA-1.5-7B [60] 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 71.7

Table 3. 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. Additional comparisons are provided in Appendix.

General VideoQA

Long-Form Video Understanding

Vision # Input VideoMME [14] PercepTest [35] NExXT-QA [57] LongVideoBench [53] MLVU [70] LVBench [48]
Multimodal LLM Encoder Tokens (w/o sub) (val) (test) (val) (m-avg) (avg)
InternVL2.5-8B [50] InternViT 16K 64.2 - 85.0 60.0 69.0 432
Qwen2-VL-7B [47] DEN 16K 63.3 62.3 81.2 55.6 69.8 44.7
SlowFast-LLaVA-1.5-7B [60] Oryx-ViT 9K 63.9 69.6 83.3 62.5 71.5 453
SlowFast-LLaVA-1.5-7B ATOKEN-So/C 9K 64.5 70.3 83.7 60.6 69.8 44.8

Table 4. Continuous tokenizers on ImageNet.

Tokenizer CFG gFID| ISt Pre. Rec.?
DiT [33] 1.5 2.27 278.2 0.83 0.57
REPA [65] 1.35 1.42 305.7 0.80 0.65
VAVAE [61] 6.7f 1.35 295.3 0.79 0.65
ATOKEN-So/C
Stage 1 1.5 1.62 2533 0.78 0.63
Stage 2 1.65 1.88 231.1 0.80 0.60
Stage 3 1.65 1.56 260.0 0.79 0.63

4.4. Multimodal Generation

Image Generation with Continuous Tokens. We
evaluate continuous token generation using Lightning-
DiT [61], comparing against diffusion methods (DiT [33])
and reconstruction-specialized approaches (REPA [65],
VAVAE [61]). Using identical training code to VAVAE for
fair comparison. As shown in Tab. 4, ATOKEN-So/C Stage
3 achieves 1.56 gFID, competitive with VAVAE (1.35) and
REPA (1.42) despite optimizing for multiple modalities.

Image Generation with Discrete Tokens. We integrate
ATOKEN-So/D into TokenBridge [51], replacing only the
tokenizer. Unlike TokenBridge’s 16 dimensions with 8-
level vocabularies, ATOKEN-So/D uses 8 dimensions with
4096-level vocabularies — a more challenging configuration.
Tab. 5 shows ATOKEN-So/D achieves 2.23 gFID, outper-
forming UniTok (2.51), the only other unified visual tok-
enizer, while approaching TokenBridge (1.76) despite our
larger vocabulary size.

Video and 3D Generation. Beyond images, ATOKEN en-
ables diverse generative applications. For text-to-video, we
integrate ATOKEN-So/C into an MMDiT-based model [12],
achieving 78.46% on VBench — matching specialized video
tokenizers like Wan2.1 (78.60%) and Hunyuan (78.02%)
despite being designed for multiple modalities. For image-

Table 5. Discrete tokenizers on ImageNet.

Tokenizer CFG gFID| ISt Pre.
TikTok-L [64] - 6.18 182.1 0.80
VQGAN [62] 1.75 2.34 253.9 0.81
UniTok [29] 1 2.51 216.7 0.82
TokenBridge [51] 3.1 1.76 294.8 0.80
ATOKEN-So/D 3.1 2.23 274.5 0.79

to-3D synthesis using Trellis-SLAT [56], we success-
fully generate 3D assets from single images, though our
48-dimensional latents require further optimization com-
pared to task-specific 8-channel approaches. Full compar-
isons and detailed analysis are provided in the Appendix.
These results demonstrate that unified tokenization pro-
vides a strong foundation for multimodal generation with-
out modality-specific engineering.

5. Discussion and Conclusion

The effectiveness of ATOKEN across diverse modalities
and tasks suggests new opportunities: visual tokeniza-
tion can achieve the same unification that transformed lan-
guage modeling. Our single framework achieves both high-
fidelity reconstruction and semantic understanding across
images, videos, and 3D assets. This integration became
possible through the combination of our sparse 4D repre-
sentation, transformer-based architecture, adversarial-free
training strategy, and progressive multimodal curriculum.
Due to limited computational resources, we could only test
ATOKENon separate downstream tasks. Building the com-
prehensive omnimodel that would demonstrate ATOKEN’s
full potential remains as future work. Looking forward,
ATOKEN opens paths for visual foundation models to fol-
low language modeling’s trajectory toward generalization.
We hope this work sheds light on the next-generation mul-
timodal Al systems built upon unified visual tokenization.
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