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Abstract

While discrete tokenizers are suspected to inherently limit sample diversity in token-based
generative models, we show this diversity gap is not caused by discretization itself, but
rooted in the timing of quantization. In this study, we systematically identify quantization
in the initial stage as the primary catalyst for a representational misalignment, where the
codebook prematurely shrinks into a narrow latent manifold. This initial shrinkage pre-
vents the codebook from capturing the diverse embedding space of the encoder. Though
this may yield deceptively strong reconstructions, it creates a bottleneck that forces the
generator to rely on a homogenized set of tokens. Ultimately, the codebook’s failure to an-
chor to robust representations at the onset of training impairs generative variety and limits
sample diversity. To address this, we propose Deferred Quantization, a simple yet effective
strategy that introduces a separate continuous learning phase. By allowing the encoder to
first establish a well-distributed representation space before introducing discretization, the
codebook can effectively anchor to a mature and diverse latent landscape. Across tokenizers
and token-based generators, Deferred Quantization consistently reduces shrinkage, improves
generative diversity, and preserves reconstruction and compression. We additionally provide
a shrinkage diagnostic suite and offer practical guidance for designing diversity-preserving
discrete tokenizers.

1 Introduction
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Figure 1: Token representation shrinkage degrade the diversity of generative model. Vector
quantization is a widely used technique to map continuous data into discrete tokens, which assists the
transformer-based generative model’s generation. We observe that token representation shrinkage, mani-
fested as narrow distribution in latent space, leads to a shrunk distribution of the generated data.

Transformer-based generative models for autoregressive generation have gained significant popularity in
recent years in the field of image generation. These models underpin many state-of-the-art systems such as
DALL-E (Betker et al., [2023) and VAR (Tian et all 2024), which have found wide-ranging applications in
art creation, design automation, and data augmentation. Their practical value lies not only in producing
visually compelling images but also in enabling new workflows for creative and industrial domains.
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Despite their success, transformer-based generative models may exhibit a limitation: the synthetic images
they produce tend to cover a narrower distribution than real images. This phenomenon, commonly referred
to as mode collapse, results in limited diversity in the generated content. Mode collapse causes the model
to ignore valid variations in the data distribution, which limits its generalization, realism, and utility in
downstream tasks. In this work, we study on the ability of generative models to produce diverse high-quality
outputs from the perspective of tokenization, and study how limitations in diversity arise in token-based
generation pipelines.

A common implicit assumption in token-based generation is that a tokenizer is good if it yields low recon-
struction error. However, reconstruction primarily reflects performance on the high-density regions of the
data distribution, while diversity depends critically on broader coverage of the representation space, including
low-density regions. This mismatch suggests that a tokenizer can appear strong under reconstruction-centric
evaluation, yet still bottleneck downstream diversity.

To address mode collapse and improve generative fidelity and diversity, various studies have proposed archi-
tectural innovations or alternative training objectives. For example, VQGAN (Esser et al., [2021]) incorporates
vector quantization to learn a discrete codebook, while ImageGPT (Chen et al.l |2020a) treats images as se-
quences of pixels to better capture complex data distributions. However, these advances do not directly
characterize whether the learned discrete tokens sufficiently cover the latent representation space required
for diverse generation.

In this work, we identify a previously overlooked yet critical aspect of tokenization, which we term token
representation shrinkage. It describes a phenomenon in which the learned token embeddings shrink into
a small region of the latent space, causing most tokens to cluster around only a few modes, as illustrated
in Fig. When tokens shrink into a limited region of the distribution, the generated outputs are also
constrained to a narrow portion of the data space, resulting in reduced diversity and diminished modality
coverage. Therefore, token representation shrinkage provides a concrete mechanism by which tokenization
can limit downstream diversity even when reconstruction appears satisfactory.

Importantly, existing studies (Zhu et al.| [2025; [Yu et al., 2021} |2023b; Mentzer et al., 2023) on codebook
collapse have mainly focused on the dead-token problem, where some codebook entries are never or rarely
used during training, while largely overlooking the issue of insufficient coverage of the embedding space,
i.e., token representation shrinkage. This distinction matters because a codebook may exhibit healthy usage
statistics while still occupying only a small region of the latent space, thereby restricting the support available
to downstream generative models.

To better understand this issue, we analyze its underlying cause and identify a key contributing factor: the
commonly used token initialization strategy (Zeghidour et al., [2021) in VQ training. In typical practice,
token embeddings are initialized from the outputs of an untrained encoder, which already form a compact
and clustered distribution in the latent space. This initialization bias restricts the subsequent expansion of
the token space during training, making it difficult for the learned tokens to spread out and align with the
true data distribution. As a result, it induces token representation shrinkage.

We then introduce a simple intervention Deferred Quantization that alleviates token representation shrinkage
and enables a controlled study of its impact: we first pretrain the encoder without VQ and then utilize
semantic embeddings to initialize the codebook. This decouples representation learning from discretization
in the early stage, allowing the encoder to learn meaningful semantic representations before quantization is
introduced. As a result, it reduces the resistance faced during VQ optimization and mitigates the shrinkage
effect. Using this intervention, we validate the presence and impact of token representation shrinkage through
extensive experiments on a variety of synthetic and real-world datasets. Across these settings, we observe that
token representation shrinkage is associated with reduced diversity, whereas mitigating shrinkage reliably
improves both the diversity and fidelity of generated images.

Our main contributions are summarized as follows:
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e We analyze the detrimental effects of early quantization, demonstrating it causes the codebook
to shrink into a narrow, homogenized latent space, which consequently impairs generative sample
diversity

e We introduce Deferred Quantization, a simple yet effective training intervention that decouples
feature learning from discretization.

o We validate this Deferred Quantization across synthetic and real-world datasets, showing that miti-
gating token representation shrinkage consistently restores the codebook’s representational breadth
and improves generative variety.

2 Related Works

Vector quantization plays an important role in data compression and signal processing under Shannon’s
rate—distortion theory (Gersho & Gray, 2012; |Cover} [1999). Traditional approaches such as K-means clus-
tering (McQueen| [1967) have been widely used, but they become computationally expensive when applied
to high-dimensional data (Le Tan et al., |2018). To mitigate this challenge, DeepVQ (Le Tan et al., [2018)
improved efficiency by mapping data to lower-dimensional latent spaces before quantization. Moreover,
(Van Den Oord et al., 2017) proposed VQ-VAE which integrates VQ with variational autoencoders, using
a straight-through estimator (Bengio et all [2013) to handle discrete variables. To refine VQ methods for
improved performance, variants such as Residual Quantization (Lee et al., 2022), Product Quantization
(Chen et al., |2020b), and Soft Convex Quantization (Gautam et al.,2023|) further enhanced representation
capacity and efficiency. Recent advances incorporate attention mechanisms and transformer architectures
(Vaswani et al.,|2017; [Yu et al.,|2021)) to dynamically select codebooks and capture global data dependencies.
Recent works also explore per-channel codebooks (Hsu et al., [2024)) and neural network variants of residual
quantization (Huijben et al.,|2024) to predict specialized codebooks, enhancing the model’s expressive power.

VQ has been widely applied across various domains. In natural language processing, VQ facilitates sequence
modeling (Lukasz Kaiser et al., |2018|), enhancing tasks such as language modeling. In computer vision,
VQ has significantly advanced image generation and compression techniques (Esser et al., 2021)). Similarly,
in audio processing, VQ techniques have captured complex temporal dependencies (Dhariwal et al.l |2020)).
Furthermore, in multimodal applications, VQ supports the integration of different data types through shared
discrete representations (Ramesh et al., [2021)).

Despite these advancements, VQ methods encounter challenges that restrict their broader application, in-
cluding but not limited to codebook collapse, training instability, and computational overhead. Extensive
research has been conducted on solving the codebook collapse problem, where only a subset of tokens are
used leading to inefficient representation usage and reduced diversity in outputs, by reducing token dimension
(Yu et al. 2021)), orthogonal regularization loss (Shin et al.l 2023), multi-headed VQ (Mama et al.| 2021)),
finite scalar quantization (Mentzer et all 2023), and Lookup Free Quantization (Yu et al., 2023a). Recent
methods like (Goswami et al. 2024]) and (Baykal et al., 2024]) also strive to enhance tokens usage efficiency.
However, beyond the widely recognized issue of codebook collapse, the token representation shrinkage we
identify has not been previously recognized in the literature.

3 Preliminary

3.1 Mode Collapse and Limited Diversity

Transformer-based generative models might exhibit a limitation: the synthetic images they produce tend to
cover a narrower distribution than real images. This phenomenon, commonly referred to as mode collapse,
results in limited diversity in the generated content. Mode collapse causes the model to ignore valid variations
in the data distribution, which limits its generalization, realism, and utility in downstream tasks.

In this paper, we use mode collapse to refer to the reduction in diversity and modality coverage of generated
outputs relative to the data distribution. In particular, mode collapse manifests when the generative model
concentrates probability mass on a small subset of plausible outcomes, underrepresenting other valid modes
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Figure 2: Token representation shrinkage shrinks latent support and induces reconstruction
mode collapse while Deferred Quantization mitigates it. (a) w/o deferred quantization: tokens
cluster into a narrow region of the embedding space, reducing coverage and causing reconstructions to collapse
onto fewer modes across different input dimensions. (b) w/ deferred quantization: tokens spread across
the embedding space, improving latent support coverage and yielding reconstructions with better modality
coverage.

of variation in the data. As a result, mode collapse and limited diversity undermine the effectiveness of
generative models in settings that require broad coverage of the data distribution.

3.2 Vector Quatization

VQ-VAE We define the VQ-VAE as following: an encoder Ey, a decoder Dy and a set of tokens
T = {t1,ta,...,ts}. The token set T constitutes the codebook, which is employed to store the discretized

representations. The encoder is responsible for mapping the raw data X = {x1,22,...,2x} to a set of
continuous representations Z = Fy(X), where Z = {z1,29,...,2n5}. And the decoder reconstructs the data
X' = Dy(Z) based on the set of discretized representations Z, where Z = {21, 25, ..., 2n5 }.The process of

tokenizing a continuous representation z; to discrete representation Z; is as following:
Z; = arg min ||z; — tx 1
) = arg puin | — 1, 1)

where t; is a token in token set 7 and k is the index. This quantization is performed by finding the nearest
token ¢ in T.The optimization objective comprises reconstruction loss Lyecon, codebook loss Leodebook, and
commitment 10ss Lecommit-

4 Token Representation Shrinkage

This section characterizes token representation shrinkage and analyzes why it can induce downstream mode
collapse and reduced diversity in token-based generation pipelines.

4.1 Empirical Characterization

Definition. Token representation shrinkage refers to a geometric failure mode where learned token embed-
dings occupy only a small region of the encoder embedding space, causing many tokens to cluster around a
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few modes, as illustrated in Fig.[I} In the ideal case, the token distribution should align with and adequately
cover the encoder embedding distribution; shrinkage violates this coverage requirement.

Synthetic evidence: shrinkage induces reconstruction collapse. To validate the phenomenon, we
conduct experiments on a synthetic dataset using VQ-VAE. Specifically, we use VQ-VAE to reconstruct the
input data and compare the resulting token distribution with the original data distribution. The synthetic
dataset comprises 10,000 data points uniformly sampled from 10 distinct Gaussian distributions (see Sec.
for details).

As shown in Fig. [2[ (a), the learned tokens densely cluster within a limited region of the latent space, and
the reconstructed data distribution collapses accordingly. Consequently, reconstructions fail to capture the
full modality spectrum of the original data, exhibiting a clear form of mode collapse at the representation
level.

Root cause for shrinkage: clustered initialization from an untrained encoder. A key contributing
factor is the common codebook initialization practice: token embeddings are initialized from the outputs of
an untrained encoder, whose embeddings are already concentrated in a narrow region of the latent space.
As shown in Fig. [3] the output distribution of an untrained encoder is significantly more concentrated than
that of a trained encoder.

To examine how this initialization contributes to shrinkage, we compare embedding distributions produced
by trained and untrained encoders on the synthetic dataset. We observe that the untrained encoder yields
embeddings with fewer distinct peaks and a narrower spread, suggesting fewer distinguishable modes. Since
an untrained encoder lacks meaningful feature extraction ability, it maps diverse inputs to similar embed-
dings, leading to clustered token initialization and insufficient coverage of the embedding space. Further
experimental details and visualizations are provided in the appendix

Intervention for controlled study. Building on these observations, we hypothesize that initializing
tokens using an encoder that has already learned semantic distinctions—and therefore produces dispersed
embeddings—should improve token coverage and mitigate shrinkage. This motivates a simple intervention:
train the autoencoder without VQ first, then initialize the codebook using semantic embeddings from the
pretrained encoder. Concretely, we (i) train an autoencoder, then (ii) train a VQ-VAE initialized with the
autoencoder weights.

Pretraining allows the encoder to learn a more structured and spread representation space, providing a more
informative foundation for codebook initialization, as shown in Fig.

Result: mitigating shrinkage improves modality coverage. We evaluate this intervention on the
synthetic dataset (Fig. . Comparing subfigures (a) and (b), mitigating token representation shrinkage
yields a more uniform token distribution and a reconstruction distribution that aligns more closely with
the original input distribution. Notably, under higher input dimensions (input dim==8), shrinkage leads
to substantially degraded reconstruction and collapsed modality coverage, whereas the mitigated version
remains closer to the ground-truth distribution. These results support the view that token representation
shrinkage is a concrete mechanism that can induce mode collapse and reduced diversity.

4.2 Theoretical Analysis

We provide a simplified analysis to formalize how token representation shrinkage can reduce diversity and
increase distortion.

Setup. Consider a data distribution constructed from K well-separated and equally weighted component
distributions p(z|k),
K | X
p(x) =Y plalk)p(k) = 7 > plalk), (2)
k=1

k=1
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Figure 3: Early quantization with clustered initialization induces token representation shrink-
age while Deferred Quantization mitigates it. Initializing the codebook from an untrained encoder
yields a narrow, uninformative embedding distribution, causing tokens to cluster and shrink latent support
at early stage. In contrast, Deferred Quantization first learns a dispersed continuous representation and
then initializes the codebook with semantic embeddings from the pretrained encoder, yielding better token
coverage and reducing shrinkage.

where p(k) = +. For simplicity, assume the encoder and decoder are identity mappings (i.e., 2/ =

Dec(Enc(x)) = z), and that the transformer can perfectly model the token distribution. Under these
assumptions, the only source of distortion arises from vector quantization. We measure distortion by the
expected squared error:
2
€ =Eonp [lla(z) — ]3], 3)

where ¢ is the quantization function.

Diversity proxy. We use the entropy H of the induced mode distribution as a proxy for diversity:

K
H==Y pilogpy, (4)
k=1

with T
PE = A Ty = {t; | t; € cluster k }, (5)

K )
2= |75l
where T}, is the set of tokens assigned to cluster k, and py is the empirical probability mass on that cluster.

Effect of shrinkage. In the ideal balanced case, py ~ 1/K, yielding maximal entropy H = log K and
lower distortion. Under token representation shrinkage, token mass concentrates on a subset of modes
J c{l,...,K} with |J| = M < K. In this case, entropy is upper bounded by

H <log M, (6)

implying a strict reduction in diversity compared to the balanced optimum log K. Moreover, samples from
inactive modes k ¢ J are forced to encode using distant tokens, increasing quantization error and therefore
increasing £. Together, these effects formalize how shrinkage can simultaneously reduce diversity and increase
distortion, which in turn can manifest as mode collapse in downstream token-based generation.

5 Deferred Quantization for Diversity-Preserving Tokenization

This section introduces Deferred Quantization, a simple training protocol that decouples early representation
learning from discretization to mitigate token representation shrinkage.

Motivation Token representation shrinkage is strongly influenced by the geometry of the encoder embed-
ding space at the time quantization is enabled. When quantization is applied before the encoder learns a
sufficiently spread representation, nearest-center assignment can reinforce shrinkage, leading to insufficient
coverage.
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Table 1: Claim-Evidence map for token representation shrinkage and Deferred Quantization.
This table summarizes our key theoretical claims and maps them to specific empirical evidence, visualizations,

and quantitative metrics provided in the paper.

ID Claim Evidence Metrics

C1 Root cause of shrinkage is clustered Fig@ Visualization of token shrinkage Latent and reconstruction
codebook initialization from untrained on synthetic dataset. visualization.
encoder biases. Fig Initialization induced shrinkage.

C2 Deferred Quantization reduces shrinkage Sec. E Introduction of Deferred r-FID |, LPIPS |, MSE |,
and improves codebook coverage. Quantization. Perplexity 1, Codebook distance 1

Fig. @ & Fig. @& Tab. [3| & Tab.
Deferred Quantization show better token
spread and codebook utilization as well
as improved reconstruction quality.

C3  Shrinkage is different from codebook Tab. @ Deferred Quantization enables r-FID |, LPIPS |, MSE |,
collapse; fixing collapse alone is gains where collapse-fixing fails. Perplexity 1, Codebook distance 1
insufficient.

C4  Generative diversity loss is caused by early Fig Illustration of token representation g-FID |, Pixel Distance 1, LPIPS
quantization via latent support shrinkage, shrinkage limiting generative diversity. Diversity 1
not discretization itself. Tab@ and Tab. @ Quantified loss of

diversity (ImageNet-100 & ODIR).
C5  Mitigating shrinkage improves generation Tab. 4| & @ Consistent fidelity and g-FID |, LPIPS Diversity?, Pixel

quality and diversity across models and
datasets.

diversity gains on ImageNet-100 and
ODIR benchmarks.

Distance 1

Two-stage training protocol We adopt a two-stage procedure: Geometric Phase (continuous train-
ing). Train an autoencoder without vector quantization, allowing the encoder to learn a structured, dispersed
embedding space. Discretization Phase (enable VQ). Initialize the codebook using semantic embeddings
from the pretrained encoder, then enable vector quantization and continue training under the V(Q objective.
This protocol encourages the codebook to adapt to an already-formed representation manifold, mitigating
shrinkage and improving coverage.

Deferred Quantization is intentionally minimal: it does not change the generator architecture and introduces
no additional inference cost. It directly targets a training-time mechanism (insufficient early coverage) that
leads to token representation shrinkage, thereby improving diversity and reducing mode collapse in token-
based generation pipelines.

6 Experiments

In this section, we first validate that token representation shrinkage arises in real-world datasets (CIFAR-10
and ImageNet-100), and then show that shrinkage can propagate to downstream token-based generators as
reduced sample diversity and worsened mode coverage (often manifesting as mode collapse). We conduct
experiments on two representative token-based generative models, MaskGIT (Chang et al., [2022) and VAR
(Tian et al., [2024]), using both ImageNet-100 and a medical image dataset. To better elucidate the logical
connections between our claims and empirical findings, we provide a claim-evidence map in Tab

It is important to note that in experiments involving generative models, GAN-based losses might introduce
smoothing effects that could confound the analysis of token representation shrinkage. Therefore, in this
section, we adopt VQ-VAE as the image tokenizer. The training loss includes codebook loss, commitment
loss, MSFE loss, and perceptual loss. Generative experimental results based on VQGAN are available in the

appendix [A7]]
6.1 Setup

Dataset As mentioned in Sec. 4] we conduct experiments on a synthetic dataset to validate our hypothesis
regarding the causes of token representation shrinkage. The synthetic dataset consists of 10,000 data points,
obtained by sampling 1,000 points from each of 10 Gaussian distributions with identical standard deviations
but distinct means. This setup yields ten equally sized classes with similar distribution, designed to emphasize
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Figure 4: Deferred Quantization alleviates the token representation shrinkage on CIFAR-10.
(a) Token representation shrinkage in standard VQ impairs the model’s ability to scale, leading to stagnating
MSE. Deferred Quantization mitigates this shrinkage, allowing the model to achieve better reconstruction
performance as number of token increase. (b)Without Deferred Quantization, perplexity remains low, indi-
cating highly uneven token usage. Deferred Quantization resolves this by spreading representations across
the embedding space, ensuring high perplexity and efficient utilization of the available latent capacity. (c)
The sharp drop in codebook Euclidean Distance for standard VQ indicates that tokens are clustering into
a narrow region (shrinkage). Deferred Quantization maintains a high distance between tokens, preserving
codebook coverage.

disproportionate token allocation and make token representation shrinkage patterns more easily observable.
To investigate token representation shrinkage behavior under varying data complexity, we generate synthetic
datasets with different input dimensionalities. To further validate the existence of token representation
shrinkage, we additionally conduct experiments on CIFAR-10 and ImageNet-100.

For experiments on generative models, we adopt ImageNet-100, a subset of the ImageNet-1K dataset con-
taining 100 classes. The original ImageNet-100 comprises approximately 130,000 training images and 5,000
test images. To better evaluate both reconstruction-FID (r-FID) and generation-FID (g-FID), we uniformly
sample 20,000 images from all training classes to build the test dataset and construct an additional validation
set containing 5,000 images.

For the medical domain, we adopt the Ocular Disease Recognition (ODIR) (Maranhao, 2020) dataset, which
contains 6,716 fundus images labeled across 8 diagnostic categories. We use a 70%/20%/10% split to partition
the data into training, test, and validation sets.

Metrics For the synthetic dataset, we directly visualize the original data and its reconstructions, along
with the corresponding token and embedding distributions, as shown in Fig. [2] For high-dimensional data,
t-SNE is applied for dimensionality reduction prior to visualization.

To quantify token representation shrinkage, we report average Euclidean codebook distance and perplexity.
The average pairwise Euclidean distance across the codebook serves as an indicator of token clustering, with
lower values suggesting that code vectors have concentrated in a limited region. The perplexity, computed by
the entropy over code usage likelihood, reflects the effective number of tokens being utilized and is maximized
when all tokens are used uniformly.

To evaluate tokenizer reconstruction performance, we adopt reconstruction FID (r-FID), mean squared error
(MSE), and LPIPS scores. For generative quality, we utilize generation FID (g-FID) as the primary metric.
To assess diversity and distributional coverage of generated samples, we compute the average pairwise pixel-
level distance between generated images. To reflect perceptual diversity, LPIPS Diversity is computed as
the mean of learned perceptual distances between all pairs of generated images.

Training Configuration For generative model experiments, we follow the tokenizer framework proposed
in VQGAN (Esser et al., |2021). Due to resource limitation, we resize all input images to 128128 resolution
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Table 2: Performance comparison of VAR tokenizers on the ImageNet-100 dataset. SimVQ(Zhu
et al.,|2025) is a well-known method to solve the code collapse problem. The results show that mitigating code
collapse alone does not lead to a substantial improvement, indicating that token representation shrinkage is
different from code collapse.

VAR Tokenizer r-FID | MSE | LPIPS | Euc. 1 Perp. 1
w/o Deferred 5.39 2.60 1.85 1.19 2801.88
+ SimVQ 5.52 2.50 1.78 0.80 6920.23
w/ Deferred 5.04 2.22 1.63 7.56 7044.51
+ SimVQ 4.93 2.17 1.59 0.93 8222.83

and reduce the backbone’s channel size to 64. To preserve a 16x16 latent spatial resolution, one down-
sampling layer and its upsampling layer are removed. All tokenizer experiments are conducted with a fixed
codebook size of 16,384. To ensure feasibility under limited resources, we use the smallest generative model
configurations. The MaskGIT generator employs a ViT (Dosovitskiy, |2020|) with depth of 24, while the VAR
model uses a depth of 16.

6.2 Analysis of Shrinkage in Tokenization

To validate that token representation shrinkage exists under real-world data conditions, we conduct exper-
iments on CIFAR-10. Additionally, we hypothesize that given a fixed dimensionality of the representation
space, increasing the number of tokens tends to facilitate their clustering, thereby making token representa-
tion shrinkage more pronounced and more easily observable. Therefore, we evaluate VQ-VAE performance
across varying token quantities.

As shown in Fig. [4] the original VQ model performs well when the number of tokens is relatively small.
However, as the token count increases, particularly beyond 2'2, its reconstruction performance deteriorates
relative to the pretrained counterpart. Notably, the perplexity curve of the original VQ flattens after 213
tokens, indicating poor token utilization. Additionally, its average Euclidean distance remains consistently
lower than that of the pretrained model, suggesting a higher degree of similarity among tokens. These
findings collectively indicate that shrinkage becomes increasingly severe as the token set grows, leading to
reduced coverage of the representation space.

One possible reason why the model utilizing a pretrained AE backbone underperforms the original VQ-VAE
at low token numbers is the gap between the continuous representations learned during pretraining and the
discrete representations during finetuning, which poses challenges to the VQ learning process. However, this
negative impact is outweighed by the benefits of mitigating token representation shrinkage as the codebook
size increases. Overall, pretraining provides an effective intervention for mitigating shrinkage and shows
promise in better exploiting large codebooks. It remains an open and valuable direction to explore how to
mitigate the performance gap when the number of tokens is small.

We further analyze token representation shrinkage under the multi-scale tokenizer of VAR on ImageNet-100.
To highlight that token representation shrinkage is distinct from code collapse, we incorporate SimVQ [Zhu
et al| (2025), an efficient method specifically designed to mitigate code collapse. The results are reported in
Tab. 2l We observe that when token representation shrinkage is present, addressing only code collapse with
SimVQ does not yield a substantial improvement in tokenizer performance. In contrast, when both token
representation shrinkage and code collapse are simultaneously resolved, the tokenizer achieves a notable
performance gain. This supports the claim that shrinkage is a separate bottleneck beyond dead-token (code-
collapse) issue.
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Table 3: Performance evaluation of various tokenizer on the ImageNet-100 dataset. v indicates
that Deferred Quantization is applied, whereas X indicates that Deferred Quantization is not applied.

Tokenizer w/ Deferred? r-FID | MSE | LPIPS | Euc. 1 Perp. 1

v 8.58 3.28 2.34 18.75  5311.88
MaskGIT X 12.22 3.01 2.70 6.45 924.57
VAR v 5.04 2.22 1.19 7.56  7044.51

X 5.39 2.60 1.85 1.19 2801.88

Table 4: Comparison of generative models in the presence and absence of token representation
shrinkage on ImageNet-100. v indicates that token representation shrinkage is mitigated, whereas X
indicates without mitigation. Token representation shrinkage impairs both generative quality (¢-FID) and
diversity (pixel distance and LPIPS diversity).

Model w/ Deferred? g-FID | Pixel Dist. T LPIPS D. t
v 14.60 80.77 0.677
IT
MaskG X 14.75 75.89 0.668
v 10.44 75.75 0.667
A
VAR X 12.88 70.69 0.633

6.3 Analysis of Shrinkage in Generation

6.3.1 ImageNet-100

Tokenizer performance. Both types of original tokenizers exhibit clear token representation shrinkage,
as shown in Tab. [3| For the tokenizer used in MaskGIT (Chang et al.l 2022]), we observe limited variation
among tokens indicated by relatively small Euclidean distances (6.45 vs. 18.75), reflecting high similarity
between tokens. In addition, the tokenizer exhibits low perplexity (924.57 vs. 5311.88), suggesting that only
a small subset of tokens is frequently utilized. Together, these observations imply that token usage is poorly
aligned with the embedding space, pointing to token representation shrinkage.

After pretraining, tokens are more evenly utilized and better aligned with the embedding space, indicating
that the intervention mitigates token representation shrinkage. As a result, the pretrained tokenizer achieves
improved reconstruction performance, with lower r-FID (8.58 vs. 12.22), LPIPS (2.34 vs. 2.70), and MSE
(3.28 vs. 3.91). A similar pattern is observed for the multi-scale tokenizer in VAR: without pretraining,
severe shrinkage is evident, whereas pretraining alleviates it and improves reconstruction.

Generative performance. Token representation shrinkage degrades downstream generation, manifesting
as both worse sample quality and reduced diversity (often as mode collapse), as shown in Tab. For
MaskGIT, shrinkage leads to worse g-FID and reduced pairwise pixel distance and LPIPS diversity among
generated samples, indicating that outputs become more similar and cover fewer variations. This aligns with
the mechanism that shrinkage narrows the token distribution available to the generator.

For VAR, we observe a consistent pattern: shrinkage in its multi-scale tokenizer leads to reduced generation
quality and a drop in diversity. These results reinforce the conclusion that insufficient token coverage limits
the model’s ability to represent the full data distribution, which propagates to mode collapse / reduced
diversity in downstream generation. Qualitative examples are shown in

6.3.2 ODIR Medical Dataset

To further validate our findings, we conduct experiments on the ODIR medical image dataset. For VAR,
we again confirm the presence of token representation shrinkage, as shown in Tab. We also observe a

10
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Table 5: Performance evaluation of VAR tokenizer on the ODIR medical dataset. v indicates that
token representation shrinkage is mitigated, whereas X indicates without mitigation. The results indicate
that token representation shrinkage also exists in a real-world medical setting.

Model w/ Deferred? r-FID | MSE | LPIPS | Euc. 1 Perp. 1

v 11.04 2.05 6.79 8.50 5396.17
X 10.91 2.57 8.79 1.27 940.55

VAR

Table 6: Generative results of VAR on the ODIR medical dataset. ¢ indicates that Deferred
Quantization is applied, whereas X indicates that Deferred Quantization is not applied. The results indicate
that token representation shrinkage also exists in a real-world medical setting.

Model w/ Deferred? g-FID | Pixel Dist. T LPIPS D. 1

v 34.33 49.83 0.401
X 37.65 49.01 0.390

VAR

corresponding decline in generative performance, including reductions in both sample quality and diversity
(Tab. @, consistent with our observations on natural image datasets.

We observe that r-FID slightly increases for the VAR tokenizer on ODIR when shrinkage is absent. We
attribute this to the relatively small size of the ODIR test set (about 1,200 images), which can introduce
variability in FID-based evaluations. As shown in Tab. [}] other quality metrics such as MSE and LPIPS
consistently improve after applying our pretraining intervention, indicating clear gains in reconstruction
quality. Another contributing factor is that FID relies on features extracted by an Inception-V3 network
pretrained on ImageNet-1K, which may not capture semantic differences reliably for domain-specific medical
images such as fundus photographs.

However, results for MaskGIT on ODIR do not fully align with expectations. Although the tokenizer
shows clear evidence of token representation shrinkage, generated images do not exhibit a noticeable loss of
diversity. One possible explanation is the relatively small size of the ODIR dataset (approximately 6,000
images) together with its limited variability, as all classes consist of closely related ocular images. Such
characteristics may reduce the sensitivity of downstream generative evaluation and mask the impact of
shrinkage. Detailed quantitative analyses are included in the supplementary material.

7 Conclusion

In this work, we systematically analyze token representation shrinkage in vector quantization as a critical
and previously underappreciated factor that can drive reduced diversity and mode collapse in token-based
generative models. We show that a commonly adopted codebook initialization strategy—initializing tokens
from an untrained encoder—induces a geometric shrinkage in the token embedding space, leading to poorly
spread tokens, unbalanced token usage, and insufficient latent support for downstream generation.

To convert this diagnosis into an actionable fix, we propose Deferred Quantization, a simple two-stage
training protocol that solve the token representation shrinkage problem. Across theoretical analysis and
extensive experiments on synthetic data, natural images, and medical images, we find that applying De-
ferred Quantization consistently expands token coverage, improves tokenizer reconstruction quality, and
propagates to improved sample diversity and reduced mode collapse in downstream generators. Overall, our
results highlight that tokenizer design should go beyond reconstruction-centric criteria, and that controlling
early-stage quantization dynamics is a simple yet effective lever for building diversity-preserving discrete
representations.
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A.1 Implementation Details
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the AdamW optimizer, with a learning rate of 0.001. Additional specifications include a codebook size of
128, a hidden dimension of 32, a batch size of 256, a beta of 0.25, and a decay rate (v for EMA) of 0.9. In
experiments, the autoencoder is trained for 100 epochs. The fine-tuned VQ-VAE and the original VQ-VAE
are trained for 100 and 200 epochs respectively.

CIFAR-10 For CIFAR-10, our VQ-VAE adopts downsampling using a CNN with a downsample channel
of 128, and the model includes two residual blocks with a hidden channel size of 64. The codebook size is
set at 512 with a token dimension of 64. The learning rate is 3e-4, using the Adam optimizer with amsgrad
set to true. The beta is 0.25 and the decay rate is 0.99. The codebook size in experiments is varied from
16 to 65,536, with embedding and token adopting the size of 32. And we pretrain AE for 150 epochs and
fine-tune the VQ-VAE for 150 epochs.

ImageNet-100 & ODIR As described in the main text, we modified the tokenizer by removing one
downsampling layer along with its corresponding upsampling layer and reducing the backbone’s channel
size to 64. We employed both ReduceLROnPlateau and Cosine annealing schedulers to train the tokenizer.
Detailed configurations can be found in the provided codebase (config.yaml). The initial learning rate was
set to 1 x 1074, with a minimum of 1 x 1075, and early stopping was applied. For ImageNet-100, we
trained selected the checkpoint with the best FID on the validation set for downstream tasks on ImageNet-
100, while the final checkpoint was used for the ODIR dataset. VAR and MaskGIT were trained with
ReduceLROnPlateau scheduling and early stopping.

It is important to note that when the codebook size is large, it is infeasible to initialize it using embeddings
from a single batch. Therefore, on CIFAR-10, ImageNet-100, and ODIR, we initialize the codebook using
embeddings collected from multiple batches. Specifically, we maintain an embedding-to-token ratio of 10:1 on
CIFAR-10, and 2:1 on ImageNet-100 and ODIR. Moreover, to improve computational efficiency, we compute
LPIPS diversity using a 5,000-image subset of the ImageNet-100 test set. For the ODIR dataset, we use the
full original test set.

All tokenizers and generative models are trained on 2 A100 GPUs with 40 GB memory. Training the
tokenizers on ImageNet-100 typically takes 1.5 to 3 days, while training the generative models requires 3-6
days depending on the setting.

Initialization Strategy For codebook initialization, a widely used initialization strategy is K-
means(Zeghidour et all [2021). It uses the encoder output Z and perform K-means algorithm to initialize
the tokens 7, where N is the number of encoder output and S is the number of tokens. The initialization
aims to minimize the total distance from each vector z; to its nearest token t;. The optimizing function is
shown in equation

N S
min » Y vz — i, (7)

j=1k=1

where r;;, = 1 if z; is assigned to cluster center ¢, otherwise 7, =0 .

Table 7: Comparison of generative models based on VQGAN on ImageNet-100. v indicates that
token representation shrinkage is mitigated, whereas X indicates without mitigation.

Model w/ Deferred? g-FID | Pixel Dist. T LPIPS D.t

v 10.85 79.17 0.712
MaskGIT X 12.25 78.83 0.714
v 8.30 77.10 0.719
VAR X 7.83 73.37 0.714
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(a) w/o deferred quantization (b w/ deferred quantization

Figure 5: Images generated using VAR. (a) ImageNet (a.left) and real-world medical images of eyes
(a.right) generated by VAR w/o deferred quantization. (b) ImageNet (b.left) and real-world medical
images of eyes (b.right) generated by VAR w/ deferred quantization.
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Figure 6: Distribution of untrained and trained encoder’s output on synthetic dataset. (a)
Untrained encoder’s output has fewer peaks than 10 peaks of input and shrinks into a relatively small range.
(b) Trained encoder’s output displays 10 peaks, which is the same as the input. This phenomena inspire us
that pretraining might be an invention for token representation shrinkage.

A.2 Visualization of Embeddings

In our synthetic experiments, we find that the outputs of an untrained encoder are predominantly concen-
trated between 0.1 and 0.4 (Fig@ a) and exhibit only 6 distinct peaks, despite the input dataset containing
10 modes. This phenomenon motivates our pretraining intervention, which is designed to investigate the
problem of token representation shrinkage.

A.3 Visualization of generated examples

As mentioned in previous section, for VAR generative model, we observe a consistent pattern: shrinkage in its
multi-scale tokenizer leads to reduced generation quality and a drop in diversity. These results reinforce the
conclusion that insufficient token coverage limits the model’s ability to represent the full data distribution,
which propagates to mode collapse / reduced diversity in downstream generation. Qualitative examples are
shown in Fig.

A.4 VQGAN based Generation Results

As shown in Tab[9and Tab[I0] low Euclidean distance and low perplexity indicate the presence of token rep-
resentation shrinkage in VQGAN. And token representation shrinkage still degrades reconstruction quality.
For generative models, Tab[7] and Tab[8] demonstrate the impact of token representation shrinkage might
affect generative diversity and fidelity. In particular, Pixel Distance is consistently lower under shrinkage,
reflecting reduced pixel diversity in generated samples. However, we found better r-FID and g-FID scores
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Table 8: ODIR generation based on VQGAN of VAR. v indicates that token representation shrinkage
is mitigated, whereas X indicates without mitigation. Token representation shrinkage impairs generative
quality and diversity.

Model w/ Deferred? g-FID | Pixel Dist. T LPIPS D.T

v 29.65 50.56 0.550
X 27.89 45.14 0.570

VAR

Table 9: Evaluation of tokenizers trained with GAN loss on the ImageNet-100 dataset. v
indicates that token representation shrinkage is mitigated, whereas X indicates without mitigation. MSE
and LPIPS values in the table are scaled. To recover the actual values, multiply them by 10~* and 1073,
respectively.

Tokenizer w/ Deferred? r-FID | MSE | LPIPS | Euc. 1 Perp. 1

v 5.28 3.96 2.40 18.75  5575.92
MaskGIT X 6.40 4.58 2.70 6.52 920.95
VAR v 2.13 2.59 1.73 7.50 7143.41

X 2.09 3.00 1.87 1.13 2814.91

Table 10: Evaluation of VAR tokenizers trained with GAN loss on the ODIR dataset. v indicates
that token representation shrinkage is mitigated, whereas X indicates without mitigation. To recover the
actual MSE and LPIPS, multiply them by 107> and 10~4, respectively.

Tokenizer w/ Deferred? r-FID | MSE | LPIPS | Euc. 1 Perp. 1

v 6.90 2.19 7.15 8.50 5451.76
X 8.12 2.66 9.39 1.27 801.07

VAR

Table 11: MaskGIT tokenizer and generative performance on medical dataset. Lgan denotes
whether GAN loss was used during training. v  indicates that token representation shrinkage is mitigated,
whereas X indicates without mitigation. To recover the actual MSE and LPIPS values, multiply them by
10~° and 1074,

Lcan  w/ Deferred? r-FID | MSE| LPIPS| Euc. t Perp. T gFID| Pixel Dist. + LPIPSD. 7

No 4 10.33 3.16 0.90 12.70 3346.04 38.04 48.44 0.370
X 11.96 4.19 1.16 4.92 438.36 27.95 49.73 0.397
Yes v 10.47 3.67 1.02 12.60 3211.72 38.30 48.15 0.371
X 12.72 4.64 1.30 4.93 432.07 32.60 49.28 0.402

in the presence of shrinkage. We hypothesize that this is due to GAN loss might enhance the decoder’s
expressive capacity, which enables it to compensate for the effects of token representation shrinkage.

A.5 Results for MaskGIT on Medical dataset

As shown in Tab. when token representation shrinkage occurs, the tokenizer in MaskGIT also exhibits a
decline in reconstruction quality on the ODIR dataset. However, the generative model unexpectedly displays
high quality and diversity under token representation shrinkage. We hypothesize that this counterintuitive
result may stem from the limited data available for training and evaluation. The ODIR dataset contains
only about 6,000 images, all of which are restricted to ocular imagery, resulting in lower diversity.
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