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Abstract. Building a unified visual tokenizer is essential for bridging
the gap between visual understanding and generation. Yet existing ap-
proaches struggle with the inherent conflict between these tasks, as a
single token space is forced to support both high-level semantic abstrac-
tion and low-level pixel reconstruction. We propose WinTok, a concise
hybrid tokenizer that achieves a win-win performance by explicitly de-
coupling the two objectives. WinTok supplements pixel tokens with a
set of learnable semantic tokens, effectively mitigating cross-task inter-
ference without incurring the computational overhead of dual tokenizers.
To further enhance understanding capability, we introduce an asymmet-
ric token distillation mechanism: the semantic tokens are guided by pre-
trained semantic embeddings from any visual foundation model, enabling
them to inherit strong discriminative power while maintaining flexibility.
Across 10 challenging benchmarks, WinTok delivers consistent improve-
ments in reconstruction, understanding, and generation. Trained on only
50M open-source data, WinTok surpasses the strong baseline UniTok by
11.2% in classification accuracy and achieves a competitive reconstruc-
tion rFID of 0.41, despite using substantially less training data. Code is
released at https://github.com/WeChatCV/WinTok.
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1 Introduction

The emergence of large language models (LLMs) has fundamentally reshaped
the landscape of natural language processing by introducing a unified next-token
prediction paradigm [3,9,80]. Building upon this principle, recent efforts have ex-
tended the unified autoregressive framework to jointly model visual understand-
ing and generation within a single multimodal architecture [38,75,77,78,93,108].
However, these unified models face a persistent dilemma: Despite these advances,
∗ Work done during interns at WeChat Vision, Tencent Inc. † Corresponding Author.
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Fig. 1: Comparsion of different tokenization paradigms.(a) Dual encoders with
separate representations obtain plausible performance at the cost of model complexity.
(b-c) Previous unified tokenizers face representation conflict due to contradictory op-
timization objectives, thus leading to performance trade-offs. (d) Our WinTok decom-
poses visual understanding and generation with learnable tokens, achieving a win-win
performance with reduced complexity.

unified multimodal models confront an inherent tension: visual understanding
and visual generation require tokens with distinct granularities and represen-
tational forms. Visual understanding favors high-level continuous tokens that
capture abstract and semantically rich representations for image comprehen-
sion [56,57, 85]. In contrast, visual generation relies on low-level discrete tokens
to enable precise and high-fidelity pixel synthesis [29,74,89].

To reconcile these divergent requirements, most existing unified multi-modal
models typically employ a separate visual tokenizer for each task [19, 88, 110],
as shown in Fig. 1 (a). Semantic encoders [67, 81, 103] extract continuous to-
kens for understanding, while pixel encoders [29,82,99] generate discrete tokens
for generation. However, this would introduce significant complexity, without
achieving fundamental model unification. To tackle this core issue, recent efforts
have been made to construct a unified tokenizer. One type is the dual encoder
with fusion (e.g ., shared mapping or MLP) [66,94], as shown in Fig. 1 (b), which
inherit the complexities of dual architectures. Alternatively, encoder unification
is preferable [60,105], as shown in Fig. 1 (c). But unified encoders force a single
set of visual tokens to handle both high-level semantic abstraction and low-level
pixel reconstruction, leading to performance trade-offs between understanding
and generation due to optimization conflict [53,73,76,90,102].

To address this conflict, we introduce WinTok, which is a hybrid tokenizer
that achieves a win-win performance, by decomposing visual understanding and
generation with transferable tokens. As illustrated in Fig. 1 (d), WinTok com-
prises two types of tokens, including pixel and semantic tokens. On one hand,
the unified encoder receives the input image to generate the pixel tokens. Since
these pixel tokens often contain rich local details, they are suitable for visual
generation. On the other hand, we introduce a set of learnable tokens as ex-
tra input to the unified encoder to obtain semantic tokens. To effectively equip
these learnable tokens with high-level semantics, we introduce an asymmetric
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token distillation paradigm in our WinTok. Specifically, we leverage any visual
foundation model [67,81,103] as the semantic teacher to extract well-pretrained
semantic tokens of the input image. Then, we treat them as semantic supervision
to guide the optimization of learnable tokens. We refer to this as asymmetric
token distillation, since semantic knowledge is transferred from the input im-
age to learnable tokens. Through this token-level knowledge transfer paradigm,
the learnable tokens progressively inherit and internalize the representational
capabilities of foundation models, thereby acquiring enhanced capacity to model
high-level visual semantics.

The interaction between the two types of tokens in the unified encoder enables
them to adaptively integrate complementary contextual information, optimizing
local details for generation and global semantics for understanding. Extensive ex-
periments demonstrate that WinTok outperforms pioneering unified tokenizers
across 10 mainstream benchmarks for visual reconstruction, understanding, and
generation. Specifically, on ImageNet-1K [25] validation set, WinTok achieves
an 82.0% Top-1 accuracy, surpassing the strong counterpart UniTok [60] by
11.2%, while maintaining a competitive reconstruction quality with an rFID
of 0.41 using significantly fewer data and a reduced codebook size. Moreover,
WinTok demonstrates leading performance on downstream multimodal compre-
hension and visual generation, outperforming UniTok on POPE [51] by 3.3%
and delivering a better performance on GenEval (0.76 vs. 0.59). These results
indicate that WinTok effectively balances the needs of both visual understanding
and generation tasks. We believe that WinTok offers a promising direction for
future research in unified multimodal modeling.

2 Related Work

2.1 Visual Tokenizer for Understanding

To extend the capability of large language models (LLMs) to comprehend vi-
sual content, numerous multimodal large language models (MLLMs) have been
proposed [21, 48, 56, 57, 85]. These methods typically employ a language-aligned
semantic visual tokenizer [67, 81, 103] to extract continuous visual tokens that
encapsulate high-level semantic information from images. However, these tok-
enizers are primarily designed for visual understanding tasks, and thus may not
effectively capture the fine-grained details necessary for faithful image recon-
struction or generation [73,76].

2.2 Visual Tokenizer for Generation

In the visual generation domain, mainstream approaches [12, 29, 64, 68, 79] uti-
lize reconstruction-oriented visual tokenizers [42, 82, 99] to map images into
a compact latent space, which reduces computational overhead and modeling
complexity. For example, diffusion models [61, 64, 68] employ VAE [42, 43] to
encode images into continuous tokens while autoregressive models [12, 74, 79]
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leverage VQVAE [82, 99] to convert images into discrete tokens. More recently,
some works [8, 14, 106, 107] have explored to transfer vision foundation models
(VFMs) [63, 67, 81] as visual tokenizers for generative tasks. Others introduce
1D-tokenizers [2, 49, 100] for better token efficiency, or multi-codebook quanti-
zation [5, 39] for better codebook learning. Nonetheless, these reconstruction-
oriented tokenizers may not effectively capture high-level semantic information
essential for understanding tasks [66,90].

2.3 Unified Visual Tokenizer

Early unified multimodal models (UMMs) [19,24,88] typically adopt separate vi-
sual tokenizers for understanding and generation tasks, which leads to increased
model complexity and training costs. To bridge this gap, recent efforts have fo-
cused on unified visual tokenizers. Some methods combine semantic and pixel en-
coders via late-fusion, targeting either distinct codebook learning [66,94] or hier-
archical feature integration [22,53]; however, this paradigm remains cumbersome.
Alternatively, single-encoder approaches yield unified representations through
explicit semantic alignment [91, 105], shared latent optimization [50, 60, 76], or
dual-stream balancing [73,102]. While structurally simpler, they often struggle to
balance conflicting training objectives. Though contemporary work VQRAE [27]
addresses this via a hybrid tokenizer, it relies on an elaborate two-stage training
scheme. In contrast, WinTok mitigates these obstacles by introducing trans-
ferable tokens to decompose the conflicting objectives, enabling a harmonious
balance between visual understanding and generation.

3 Method

In this section, we first provide the preliminary knowledge on typical tokeniz-
ers used for visual understanding and generation. Motivated by representation
conflict between these tasks, we then elaborate on our WinTok framework, in-
corporating asymmetric token distillation.

3.1 Preliminary

Semantic Tokenizers for Visual Understanding. Semantic tokenizers con-
vert raw pixels into a compact sequence of high-level semantic tokens for visual
understanding. The scaling of data and models in recent foundation models has
demonstrated remarkable discriminative power by utilizing vision transform-
ers [26] alongside various self-supervised learning and multimodal alignment
strategies [34]. For example, MAE [35] learns scalable visual representations
through masked image modeling, while DINOv2 [63] acquires semantic features
via self-distillation across augmented views. More recently, contrastive-based
methods [67, 81, 103] learn language-grounded visual representations through
large-scale image-text alignment objectives. These models are considered effec-
tive semantic tokenizers because they leverage continuous semantic tokens to
address downstream understanding tasks [1, 56,57].



WinTok 5

Pixel Tokenizers for Visual Generation. To facilitate auto-regressive visual
generation, several pixel tokenizers have been developed using Vector-Quantized
Variational Autoencoders (VQVAEs) [29,82,99]. These tokenizers generally con-
sist of an encoder, a quantizer, and a decoder. Given an input image, the encoder
converts it into a set of continuous latent tokens. The quantizer then transforms
these continuous tokens into discrete visual tokens by identifying their nearest
embeddings within a learnable codebook. Finally, the decoder reconstructs the
image from the quantized tokens. By combining pixel reconstruction loss with
codebook learning loss [74,99], these tokenizers achieve high-fidelity reconstruc-
tion and generation.

Table 1: Comparison of adapting differ-
ent visual tokenizers for understanding
and reconstruction.

Visual Tokenizer Type rFID ↓ Acc.↑

SigLIP2 [81] Semantic 0.82 81.7
WeTok [109] Pixel 0.64 18.3

WinTok Hybrid 0.41 82.0

Conflict between Understand-
ing and Generation. As dis-
cussed above, visual understanding
and generation typically depend
on different tokenizers with differ-
ent visual granularities and formu-
lations to process images. Hence,
it would be inappropriate to use
pixel tokenizer for understanding
and use semantic tokenizer for gen-
eration. We further conduct an ex-
periment on ImageNet [25] to val-
idate this observation using two
state-of-the-art tokenizers, i.e., SigLIP2 [81] as the semantic tokenizer, and We-
Tok [109] as the pixel tokenizer. As shown in Tab. 1, SigLIP2 exhibits strong
capability in understanding (e.g ., classification accuracy) but deteriorates in re-
construction (e.g ., rFID). In contrast, WeTok excels in reconstruction quality
but shows significant declines in understanding performance. These findings un-
derscore that adapting existing visual tokenizers for both understanding and
generation is suboptimal due to the conflicting goals. This fundamental conflict
hinders the development of a unified tokenizer [60,66].

3.2 WinTok

Based on the above discussion, a natural question arises: Is it feasible to build
a unified tokenizer while decomposing visual understanding and generation? To
answer this question, we introduce WinTok, a hybrid tokenizer incorporated
with transferable tokens to decompose visual understanding and generation and
achieve a win-win performance.
Unified Encoder with Learnable Tokens. As depicted in Fig. 2, WinTok
employs a unified encoder E , structured as a Vision Transformer (ViT) [26].
The input image X is first patchified into N non-overlapping patches, which are
subsequently converted into pixel tokens via a patch embedding layer P:

Po = P(X) = {Po
1, ...,P

o
N} (1)
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Fig. 2: Overview of our WinTok. Our WinTok adopts a hybrid tokenization
paradigm integrated with learnable tokens. The separate token sets are optimized for
visual understanding and generation respectively, with asymmetric token distillation
for semantic tokens and image reconstruction for pixel tokens. Therefore, we mitigate
the representation conflict while maintaining a unified tokenizer.

However, a singular token set proves inadequate for addressing both visual un-
derstanding and generation due to the inherent conflict between high-level se-
mantic abstractions and low-level pixel reconstructions. To overcome this, we
incorporate an additional set of M learnable tokens for task decomposition:

So = {So
1, ...,S

o
M}. (2)

More specifically, we leverage pixel tokens for visual generation, since these to-
kens contain rich local details from the input images. Alternatively, we leverage
learnable tokens for visual understanding, since these tokens are the global vec-
tors that can be optimized to summarize the global semantic of the input images.
To make these two types of tokens work collaboratively, we concatenate them
along the sequence dimension and input the combined tokens to our unified en-
coder: P⊕ S = E(Po ⊕ So). This arrangement enables the retention of distinct
representations for each token type, fostering contextual integration for cooper-
ative functionality. The subsequent sections detail the supervision methods for
these two token sets.
Semantic Token: Asymmetric Distillation. Since the enhanced tokens S
derive from the randomly-initialized learnable tokens So, we optimize S to cap-
ture high-level semantics for visual understanding. Specifically, we propose an
asymmetric token distillation technique where we use a visual foundation model
T as the semantic teacher, and extract K semantic tokens of the input image:

T = T (X) = {T1, ...,TK}. (3)

Since the foundation model is well-pretrained with large-scale data, these tokens
T contain discriminative semantic knowledge to understand the input image. As
such, we propose to transfer such knowledge from semantic tokens T to learnable
tokens S. Asymmetry not only lies in the knowledge, but may also exists in the
token numbers. Therefore, we adopt global pooling on both of them to obtain
their corresponding global vectors: s = Pool(S), t = Pool(T). This process is
optimized using a cosine similarity loss:

Lsem = 1− ⟨s, t⟩
||s||2 · ||t||2

. (4)
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Table 2: Comparison of reconstruction quality and semantic capability on
256 × 256 ImageNet-1K validation set. "Capacity" denotes the theoretical combi-
nations of code entries. * indicates the results are obtained by linear probing. WinTok
achieves state-of-the-art classification accuracy while being competitive in reconstruc-
tion, with significantly less data compared to other unified tokenizers.

Method Type Ratio Training
Data

Codebook
Size Capacity rFID (↓) Accuracy (↑)

Semantic Tokenizer
CLIP-L/14 [67] Continuous - WIT400M - - - 75.5
Dinov2-L [63] Continuous - LVD142M - - - 86.3*
SigLIP2-So/16 [81] Continuous - WebLI10B - - - 83.4

Reconstruction-oriented Tokenizer
SD-VAE 1.x [68] Continuous 8 OI1B - - 1.22 -
SD-VAE 2.x [68] Continuous 8 Mix6B - - 0.70 -
SDXL-VAE [65] Continuous 8 - - - 0.67 -
SD-VAE 3.5 [28] Continuous 8 - - - 0.19 -
FLUX-VAE [44] Continuous 8 - - - 0.18 -
VA-VAE [98] Continuous 16 IN-1K - - 0.28 -
RAE (SigLIP2) [107] Continuous 16 IN-1K - - 0.53 79.1*
VFM-VAE [8] Continuous 16 IN-1K - - 0.52 -
LlamaGen [74] Discrete 16 IN-1K 16384 214 2.19 -
Open-Magvit2 [59] Discrete 16 IN-1K 262144 218 1.17 -
VFMTok [106] Discrete - IN-1K 16384 214 0.89 69.4*
WeTok [109] Discrete 16 IN-1K - 232 0.61 -
MGVQ [39] Discrete 16 IN-1K 2048 × 8 288 0.49 -

Unified Tokenizer
UniLIP [76] Continuous 16 BP-32M - - 0.79 -
UniFlow (SigLIP2) [102] Continuous 16 IN-1K - - 0.62 -
VILA-U [91] Discrete 16 CY700M 16384 214 1.80 73.3
QLIP-L [105] Discrete 16 DC1B - - 1.46 79.1
DualToken [73] Discrete 16 CC12M - - 0.54 81.6
TokenFlow [66] Discrete 16 LA+CY700M 32768 215 1.37 -
SemHiTok [22] Discrete 16 Mix70M 16384 × 12 214 1.16 -
TokLIP-L [53] Discrete 16 Mix80M 16384 214 2.19 80.0
UniTok [60] Discrete 16 DC1B 4096 × 8 296 0.41 70.8
VQRAE [27] Hybrid 16 BP-32M 16384 214 1.31 -
WinTok Hybrid 16 Mix50M 4096 × 4 248 0.41 82.0

Pixel Tokens: Image Reconstruction. The enhanced tokens P emerge from
the pixel tokens Po and are utilized for visual generation. Specifically, we employ
a vector-quantization module Q to convert P into discrete pixel tokens via a
learnable codebook:

Q = Q(P) = {Q1, ...,QN}. (5)

These quantized tokens then serve as the input to a decoder D to reconstruct
the original image:

X̂ = D(Q). (6)

We optimize the quantizer and the decoder using a combination of pixel recon-
struction and codebook losses [74,99]:

Lrec = ||X− X̂||2 + ||g[P]−Q||2 + β||P− g[Q]||2, (7)

where g[·] denotes the stop-gradient operation and β is a hyperparameter to bal-
ance the loss terms. Additionally, we incorporate a perceptual loss Lper [104] and
an adversarial loss Ladv [41] to enhance the visual quality of reconstructed im-
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Table 3: Comparison of visual reconstruction on ImageNet-1K and MS-
COCO 2017 validation set. Images are resized to 256 × 256 for evaluation. Our
WinTok achieves competitive performance compared to UniTok even with significantly
less training data and a reduced codebook size.

Method Ratio
MS-COCO 2017 Imagenet-1K

rFID↓ PSNR↑ SSIM↑ rFID↓ PSNR↑ SSIM↑

Show-o [93] 16 9.26 20.90 0.59 3.50 21.34 0.59
Open-MAGVIT2-I-PT [59] 16 7.93 22.21 0.62 2.55 22.21 0.62
LlamaGen [74] 16 8.40 20.28 0.55 2.47 20.65 0.54
WeTok [109] 16 6.55 21.99 0.63 1.58 22.38 0.62
BSQ [97] 16 - - - 3.81 24.12 0.66
QLIP-B [105] 16 - - - 3.21 23.16 0.63
TokenFlow [66] 16 - - - 1.37 21.41 0.69
UniTok [60] 16 4.05 23.92 0.73 0.41 24.31 0.71
WinTok 16 4.24 23.83 0.72 0.41 24.23 0.71

ages. Thus, the optimization of pixel tokens is based on Lpix = Lrec+λperLper+
λadvLadv, where λper and λadv are hyperparameters.
Training Objectives. The overall loss function for optimizing WinTok com-
bines the losses from both token types:

L = Lsem + Lpix, (8)

Through asymmetric token distillation, the learnable tokens evolve to encapsu-
late the semantic strengths of the foundation model for visual understanding,
while pixel tokens learn to capture local details for visual generation. Conse-
quently, our WinTok achieves a win-win performance for both tasks with a hy-
brid tokenization framework.
WinTok for Downstream Tasks. WinTok’s hybrid structure allows for the ef-
fective application of semantic and pixel tokens in understanding and generation
tasks, respectively. Therefore, we further integrate WinTok into a pre-trained
LLM to excavate its potential in downstream tasks. For multimodal understand-
ing, the unified encoder E extracts continuous semantic tokens S from the input
image. Then these continuous visual tokens are projected into the textual em-
bedding space with a learnable linear layer, and integrated with text tokens for
comprehension. For visual generation, discrete pixel tokens Q are extracted us-
ing the unified encoder and quantizer. Subsequently, the LLM learns the joint
distribution between these discrete visual tokens given text tokens as condition.
We also introduce an autoregressive head to facilitate multi-code prediction as
in previous work [46,60,91]. During inference, the LLM autoregressively samples
discrete visual tokens, which are then decoded into images with the decoder D.

4 Experiment

4.1 Implementation Details

Tokenizer Setup. In our experiments, we adopt ViT-based architectures for
both the encoder and the decoder. The encoder is initialized with SigLIP2-
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Table 4: Evaluation on multimodal understanding benchmarks. Win-
Tok achieves superior performance compared to other unified tokenizers integrated
with LLMs or UMMs. For instance, we outperform TokenFlow-L by 14.6% on MM-
Bench and UniTok by 3.3% on POPE. WinTok† denotes using only 64 semantic tokens.

Method LLM Token Type Res. POPE GQA TextVQA MME-P MMBench MM-Vet
Understanding Only MLLM

InstructBLIP [23] Vicuna-7B 2D-Continuous 224 - 49.2 50.7 - - 26.2
ShareGPT4V [18] Vicuna-7B 2D-Continuous 336 - 63.3 60.4 1567.4 68.8 37.6
LLaVA-v1.5 [56] Vicuna-7B 2D-Continuous 336 85.9 62.0 58.2 1510.7 64.3 30.5
Qwen2.5-VL [4] Qwen2.5-7B 2D-Continuous dynamic - - 84.9 - 83.5 67.1
InternVL2.5 [20] InternLM2.5-7B 2D-Continuous dynamic 90.6 - 79.1 - 84.6 62.8
LLaVA-OneVision [47] Qwen2-7B 2D-Continuous 384 - - - 1580.0 80.8 57.5

Unified Multimodal Model
LWM [55] LLaMA2-7B 2D-Discrete 256 75.2 44.8 18.8 - - 9.6
Show-o [93] Phi-1.5-1.3B 2D-Discrete 256 80.0 58.0 - 1097.2 - -
Liquid [89] Gemma-7B 2D-Discrete 512 81.1 58.4 42.4 1119.0 - -
Emu3 [87] 8B (from scratch) 2D-Discrete 512 85.2 60.3 64.7 1243.8 58.5 37.2
Janus-Pro [19] DeepSeek-LLM-7B 2D-Continuous 384 87.4 62.0 - 1567.1 79.2 50.0
LaVIT [40] LLaMA-7B 2D-Continuous 224 - 46.8 - - 58.0 -
SEED-X [32] LLaMA2-13B 2D-Continuous 448 84.1 49.1 - 1457.0 70.1 43.0
ILLUME [84] Vicuna-7B 2D-Continuous 224 88.5 - 72.1 1445.3 65.1 37.0
VARGPT [110] Vicuna-7B 2D-Continuous 256 85.9 - - 1488.8 67.6 -
BLIP3-o [15] Qwen2.5VL-7B-Instruct 2D-Continuous dynamic - - 83.1 1682.6 83.5 66.6

Unified Tokenizer w/ LLM
VILA-U [91] LLaMA2-7B 2D-Discrete 256 83.9 58.3 48.3 1336.2 - 27.7
UniTok [60] LLaMA2-7B 2D-Discrete 256 83.2 61.1 51.6 1448.0 - 33.9
MUSE-VL [94] Qwen2.5-7B 2D-Discrete 256 - - - - 72.1 -
TokLIP [53] Qwen2.5-7B-Instruct 1D-Continuous 384 84.9 57.0 - 1496.6 76.9 -
TokenFlow-L [66] Vicuna-13B 2D-Discrete 256 85.0 60.3 54.1 1365.4 60.3 27.7
SemHiTok [22] Qwen2.5-7B-Instruct 2D-Discrete 256 83.4 60.3 - 1449.0 72.3 30.5
VQRAE [27] Vicuna-13B 2D-Continuous 256 85.1 63.4 46.5 1491.1 65.5 -
WinTok† Qwen3-8B 1D-Continuous 256 84.1 58.5 47.1 1370.4 60.2 25.2
WinTok Qwen3-8B 1D-Continuous 256 86.5 62.4 55.2 1552.0 74.9 34.6

So400M [81], while the decoder is trained from scratch. The number of learn-
able tokens is set to 256 by default. Since the quantization operation is non-
differentiable, we employ the straight-through estimator [6] to for proper gradi-
ent backpropagation. We adopt Multi-codebook Quantization (MCQ) [60] and
select SigLIP2-So400M [81] as the default semantic teacher. We use 50M images
randomly sampled from open-source datasets [10,13,25,31,70,83,86] to train our
WinTok. The tokenizer is trained for 5 epochs with global batch size of 256 and
learning rate of 2e-4 with warm-up and cosine decay schedule. All experiments
are conducted on H20 GPUs with PyTorch. More details are provided in the
supplementary material.

UMM Setup. We initialize our unified multimodal model with Qwen3-8B [96].
For pre-training stage, we incorporate approximately 80M image-text pairs from
[15, 31, 69, 72]. We further finetune the model using 6M instruction-following
data from [47, 56] for multimodal understanding, along with 4M synthetic data
generated by FLUX.2-klein [45] and Z-Image-Turbo [11] for visual generation.

Evaluation Metrics. We evaluate WinTok on ImageNet-1K [25] validation
set using rFID and Top-1 classification accuracy for state-of-the-art compari-
son. For visual reconstruction, we further report rFID, PSNR, and SSIM on
ImageNet-1K and MS-COCO 2017 [54] validation set. For multimodal under-
standing, we evaluate on a wide range of benchmarks, including POPE [51],
GQA [37], TextVQA [71], MME-P [30], MMBench [58], and MM-Vet [101]. For
visual generation, we evaluate on GenEval [33] and DPG-Bench [36].
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Table 5: Comparison of visual generation on GenEval and DPG-Bench.

Method # Params
GenEval DPG-Bench

Two Obj. Counting Color Attri. Overall↑ Entity Attribute Relation Overall↑

Diffusion-based Model

SDv1.5 [68] 0.9B 0.38 0.35 0.06 0.43 74.23 75.39 73.49 63.18
SDXL [65] 2.6B 0.74 0.39 0.23 0.55 82.43 80.91 86.76 74.65
PixArt-α [17] 0.6B 0.50 0.44 0.07 0.48 79.32 78.60 82.57 71.11
PixArt-Σ [16] 0.6B - - - - 82.89 88.94 86.59 80.54
Hunyuan DiT [52] 1.5B - - - - 80.59 88.01 74.36 78.87
DALLE3 [7] - 0.87 0.47 0.45 0.67 89.61 88.39 90.58 83.50
SD3-Medium [28] 2B 0.94 0.72 0.60 0.74 91.01 88.83 80.70 84.08
SANA-1.5 [92] 4.8B 0.93 0.86 0.65 0.81 - - - 84.70

Autoregressive-based Model

Chameleon [77] 7B - - - 0.39 - - - -
LlamaGen [74] 0.8B 0.34 0.21 0.04 0.32 75.43 76.17 84.76 64.84
Janus [88] 1.3B 0.68 0.30 0.42 0.61 87.38 87.70 85.46 79.68
Harmon [90] 1.5B 0.86 0.66 0.48 0.76 - - - -
Transfusion [108] 7B - - - 0.63 - - - -
UniTok [60] 7B 0.73 0.38 0.41 0.59 88.27 88.05 88.45 81.18
TokenFlow [66] 13B 0.66 0.40 0.26 0.55 79.22 81.29 85.22 73.38
WinTok 8B 0.88 0.75 0.55 0.76 89.51 88.27 89.78 83.36

4.2 Comparison with State-of-The-Art Methods

Tokenizer. As summarized in Tab. 2, our WinTok demonstrates superior per-
formance in both reconstruction quality and classification accuracy compared to
leading visual tokenizers. In terms of reconstruction quality, our WinTok sur-
passes all previous discrete reconstruction-oriented tokenizers as well as most
unified tokenizers. Notably, WinTok achieves a comparable rFID to the state-
of-the-art UniTok [60], employing considerably less training data and a reduced
codebook size. Moreover, WinTok achieves 100% codebook usage even with a
high capacity. Regarding semantic representation capabilities, WinTok outper-
forms all prior unified tokenizers, exceeding the specialized semantic tokenizer
CLIP-L/14 [67] by 6.5%. These findings highlight the efficacy of our hybrid tok-
enization design, which incorporates transferable tokens and asymmetric token
distillation to effectively decompose understanding and generation tasks.
Visual Reconstruction. As shown in Tab. 3, our WinTok achieves impres-
sive reconstruction quality on 256 × 256 ImageNet-1K and MS-COCO 2017
validation set. Notably, WinTok is competitive with the state-of-the-art unified
tokenizer UniTok while trained on significantly less data (50M vs. 1B) and a
reduced codebook capacity (248 vs. 296).
Multimodal Understanding. As presented in Tab. 4, when integrated with an
LLM, WinTok achieves competitive performance across various multimodal un-
derstanding benchmarks. Our model outperforms several pioneering UMMs, in-
cluding SEED-X [32] and Liquid [89] on POPE and GQA. Moreover, we achieve
86.5% on POPE and 55.2 % on TextVQA, surpassing UniTok [60] by 3.3%
and 3.6%, respectively. Even with only 64 semantic tokens representing the im-
age, WinTok can still obtain satisfactory comprehension results, outperforming
VILA-U [91] on MME-P and SemHiTok [22] on POPE. Overall, WinTok shows
consistent improvements across all benchmarks, indicating its potential for mul-
timodal understanding tasks.
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Visual GenerationMultimodal Understanding

Who is the person in this image?
“D.”(A) Donald Trump

(B) Jackie Chan

(C) Xiang Liu

(D) Morgan Freeman

Are there napkins
under the utensil to
the left of the rice?

“Yes.”

Could you
tell me the 
detailed steps 
for making 
this dish in
the picture?

“To cook the strawberry
rhubarb pie, follow these steps:
1. Preheat your oven to 350 ℉.
2. Prepare the pie crust by
rolling out the dough and
placing it in a pie pan ... 7. Bake
the pie for 15-20 minutes, or
until the crust is golden brown
and the filling is bubbling. 8.
Remove the pie from the oven
and let it cool for a few minutes
before serving. Now enjoy your
strawberry rhubarb pie!"

Visual Reconstruction
Origin Image UniTok WinTok (Ours) Origin Image UniTok WinTok (Ours)

Fig. 3: Qualitative results demonstrating the superior performance of our
WinTok on downstream applications.

Visual Generation. As summarized in Tab. 5, our multimodal model con-
sistently achieves competitive or even superior performance compared to state-
of-the-art diffusion and autoregressive-based models. Notably, our unified multi-
modal model outperforms representative autoregressive systems such as Chameleon
[77], LlamaGen [74], and Janus [88], while remaining competitive with large-scale
diffusion experts trained on billions of image–text pairs. Furthermore, compared
with recent approaches that incorporate unified tokenizers into large language
models, i.e., UniTok [60] and TokenFlow [66], WinTok consistently achieves bet-
ter performance across both benchmarks. These results highlight the robustness
and effectiveness of WinTok as the visual tokenizer within a unified multimodal
framework, particularly for complex and compositional text-to-image generation
tasks. Moreover, the above observations further confirm that hybrid tokenization
substantially benefits downstream unified modeling.

Visualization Fig. 3 presents qualitative results of WinTok on visual recon-
struction, multimodal understanding, and visual generation. Our WinTok not
only preserves fine-grained details for high-quality reconstruction, but also effec-
tively captures global semantic information for accurate multimodal understand-
ing. Moreover, it enables the generative model to produce diverse and realistic
images. These results substantiate the efficacy of our approach in balancing the
requirements of both understanding and generation tasks via decomposition with
transferable tokens.
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(b) Multimodal understanding performance.

Fig. 4: Comparisons of using different tokenization strategies. (a) Generation
performance is evaluated on GenEval [33]. (b) Understanding performance is averaged
across 4 benchmarks [37,51,58,71].

4.3 Comparison with Other Tokenization Strategies

In this section, we compare our hybrid tokenization approach, WinTok, with
several representative visual tokenization strategies for unified visual under-
standing and generation. Specifically, we consider the following baselines: (a)
VQVAE [82]: a pixel-level discrete representation widely used in autoregres-
sive image generation. We adopt the pretrained VQVAE tokenizer from Lla-
maGen [74], which converts images into discrete visual tokens for multimodal
modeling. (b) Decoupled tokenization: a dual-encoder design that employs
separate visual representations for understanding and generation, using a se-
mantic encoder (SigLIP2 [81]) for perception and a VQVAE tokenizer for image
synthesis. This strategy resembles previous methods [24, 88] but has a slightly
different implementation. (c) Unified tokenizer: this line of work employs a
unified representation that jointly models semantic and pixel-level information.
We select UniTok [60] as a representative.

To ensure a fair comparison, we train unified multimodal models with these
tokenizers under the same training configuration and data scale. Specifically,
we construct a controlled training subset consisting of 10M text-to-image and
image-to-text data. All tokenizers are integrated with Qwen3-4B [96]. All models
are evaluated on both visual understanding benchmarks [37,51,58,71] and text-
to-image generation tasks [33] to comprehensively assess their performance in
unified multimodal modeling.

As illustrated in Fig. 4, our approach demonstrates strong performance on
downstream text-to-image (T2I) generation and multimodal understanding tasks.
In T2I generation, our method converges faster and achieves the best results.
Compared to the single-stream unified tokenizer UniTok, our method obtains a
greater upper bound. In contrast, the VQVAE-based model, which relies solely
on pixel-level representation, underperforms in generation. Moreover, the de-
coupled strategy performs worst in generation, likely due to the inconsistency in
representation space and need large-scale training to achieve better performance.

For multimodal understanding, both WinTok and the decoupled strategy
achieve satisfactory results owing to the continuous semantic representation. The
discrete unified tokenizer UniTok, despite jointly optimizing pixel reconstruction
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Fig. 5: Ablations on design choices.(a) As the learnable token number increases,
both the reconstruction quality and semantic capability improve. (b) Our Win-
Tok demonstrates similar trends when adopting different semantic teachers, while
SigLIP2 [81] benefits the most. (c) A larger decoder not only enhances reconstruc-
tion quality but also improves generation performance. Implementation details and
more comprehensive analyses are provided in the supplementary material.

and semantic alignment losses, performs similarly to VQVAE, suggesting that
its representation remains biased toward pixel-level information and fails to fully
exploit semantic cues. Overall, our method provides the best trade-off between
visual generation and understanding, demonstrating strong and balanced per-
formance across both tasks.

4.4 Ablations

Number of Learnable Tokens. We investigate the impact of learnable token
quantity on task performance. As shown in Fig. 5a, increasing the number of
learnable tokens consistently improves both reconstruction quality and seman-
tic capability. This improvement arises from the enhanced ability of additional
tokens to capture semantic information and facilitate the disentanglement of
representations, thereby mitigating conflicts between the two tasks.
Semantic Teacher. To optimize the transfer of semantic knowledge to the ran-
domly initialized semantic tokens, we assess the influence of the chosen seman-
tic teacher model. We examine three representative visual foundation models:
CLIP-L/14 [67], DINOv2-L [63], and SigLIP2-So400M [81]. Our results indicate
consistent improvements in downstream multimodal understanding tasks across
different semantic teachers, with SigLIP2 yielding the best performance due to
its superior representation capabilities derived from meticulous pre-training.
Decoder Size. We explore the effects of varying decoder sizes on both recon-
struction quality and generation performance by training several WinTok vari-
ants. All variants achieved reasonable reconstruction quality, with ViT-B at-
taining an rFID of 0.60, ViT-L achieving 0.55, and the best-performing ViT-XL
achieving 0.54. As illustrated in Fig. 5c, larger decoders not only improve recon-
struction quality but also enhance generation performance, aligning with findings
in prior studies [2, 95,107].

4.5 Discussions

What if we design in the other way? To validate our hybrid strategy, we
evaluate a reversed variant termed LoseTok, where learnable tokens handle re-
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(a) Alternative design consideration.
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Dandie Dinmont Terrier UniTok:
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(b) Clusters of different tokenizers.

Fig. 6: Discussions. (a) Reversing the roles of the two token types results in signif-
icant performance degradation, and WinTok is more rationale. (b) WinTok produces
more discriminative clusters compared to other tokenizers, even with only 64 tokens
representing the global semantics.

construction and pooled pixel tokens manage asymmetric token distillation. As
shown in Fig. 6a, this swap severely degrades reconstruction quality while barely
affecting semantic capability. This drop in generative performance occurs be-
cause learnable tokens lack the capacity to preserve fine-grained spatial details.
While this finding appears to contrast with some prior works [2,49], the discrep-
ancy arises from the additional semantic supervision imposed on pixel tokens
in our setting. Ultimately, this ablation confirms the WinTok design, highlight-
ing the necessity of strictly disentangling semantic abstraction from pixel-level
reconstruction.
Do the transferable tokens truly learn? To evaluate the effectiveness of
learnable tokens in capturing transferable semantic representations, we visualize
the t-SNE [62] embeddings of the learned semantic tokens alongside the pooled
image features produced by pre-trained tokenizers, including SigLIP2 [81] and
UniTok [60]. As shown in Fig. 6b, the semantic tokens generated by WinTok form
more compact and well-separated clusters than those obtained from the other
two tokenizers, despite using only 64 tokens to encode global semantics. This
result highlights the superiority of our asymmetric token distillation strategy in
effectively transferring semantic knowledge.

5 Conclusion

This work presents WinTok, a hybrid tokenizer that balances visual understand-
ing and generation by using learnable tokens for global semantic distillation and
pixel tokens for local detail reconstruction. Through such hybrid encoding, Win-
Tok can provide effective and flexible representations for downstream unified
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modeling. While experiments demonstrate its superior performance as a ver-
satile foundation for unified multimodal models, its current generalization is
constrained by a modest 50M-sample training dataset and a lack of downstream
architectural exploration beyond Qwen3-8B. Future research will focus on scaling
the training corpus to billion-scale levels and co-designing novel unified archi-
tectures to fully leverage WinTok’s unique hybrid representations.
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