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Abstract

Vector-Quantized Variational Autoencoders (VQVAEs) have enabled strong per-
formance in generative modeling by mapping continuous data to learnable codes.
In this work, we identify a surprising yet consistent phenomenon that we term di-
mensional collapse: despite using high-dimensional embeddings, VQVAEs tend to
compress their representations into a much smaller subspace, typically only 4 to 10
dimensions. We provide an in-depth analysis of this phenomenon and reveal its rela-
tion to model performance and learning dynamics. Interestingly, VQVAEs naturally
gravitate toward this low-dimensional regime, and enforcing higher-dimensional
usage (e.g., via rank regularization) could lead to degraded performance. To
overcome this low-dimensionality limitation, we propose Divide-and-Conquer
VQ (DCVQ), which partitions the latent space into multiple low-dimensional
subspaces, each quantized independently. By design, each subspace respects the
model’s preference for low dimensionality, while their combination expands the
overall capacity. Our results show that DCVQ overcomes the inherent dimensional
bottleneck and achieves improved reconstruction quality across image datasets.

1 Introduction

Learning discrete representations has become a key building block in modern generative modeling,
with Vector-Quantized Variational Autoencoders (VQVAEs) [18] standing out as a popular approach.
VQVAEs have demonstrated strong empirical success across domains such as images, videos, audio,
and protein structures [4, 17, 20, 2, 19, 6], enabling efficient and flexible generative pipelines. At the
core of VQVAEs is the idea of discretizing a continuous latent space into learnable codes with code
associated with an embedding.

Prior work has primarily focused on codebook collapse, where only a subset of codebook entries
is utilized. In contrast, we uncover a different and pervasive phenomenon, which we term dimen-
sional collapse: despite using high-dimensional embeddings, VQVAEs tend to compress their
representations into a much smaller subspace, typically around 4 to 10 dimensions (Figure 1a). This
behavior consistently appears across a wide range of pretrained VQVAE models spanning domains
and architectures.

To better understand this behavior, we conduct large-scale controlled experiments varying dataset,
architecture, and hyperparameters. We observe a surprising U-shaped relationship between effective
dimensionality and validation loss: performance improves as the dimension increases, but worsens
beyond a certain optimal point (Figure 1b). Notably, the optimum lies in a low-dimensional regime,
highlighting the model’s inherent preference and a limitation in its expressiveness. A natural goal is
to shift this optimum toward higher dimensionality and lower loss (Figure 1c).

Achieving this goal requires understanding why the model favors low-dimensional solutions. We
find that collapse originates in the quantizer early in training, with the commitment loss pulling the
encoder to match this structure and reinforcing a self-reinforcing loop. Beyond training dynamics, we
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Figure 1: Illustration of dimensional collapse in VQVAEs. (a) Codebook entries lie in a low-
dimensional subspace despite being in a high-dimensional embedding space. (b) Validation loss
follows a U-shaped curve as a function of effective dimension, with the optimum at a low dimension
d∗. Hyperparameters such as the commitment loss weight control the effective dimension. (c) Our
method, DCVQ, shifts the optimum to a higher effective dimension d∗

′
and achieves lower loss.

show that this behavior stems from a structural bias of quantization itself, which favors high-variance
directions and contracts the representation’s effective dimension. While rank regularization can
counteract this bias by increasing dimensionality, it consistently degrades performance, indicating
that naively enforcing rank is ineffective.

Motivated by these insights, we propose Divide-and-Conquer VQ (DCVQ), a simple yet effective
architectural modification that addresses collapse at its source: the quantizer. DCVQ partitions the
latent space into multiple low-dimensional subspaces, each quantized independently. This design
respects the model’s natural preference for low-rank structure while scaling capacity through parallel
subspaces. As a result, DCVQ breaks the intrinsic low-dimensional limit and achieves improved
reconstruction quality and effective dimensionality across datasets.

Contributions. Our main contributions are:

• We identify and systematically characterize dimensional collapse in VQVAEs, where latent
representations occupy a surprisingly low-dimensional subspace.

• We show that collapse arises not only from training dynamics but from a structural bias of
quantization itself, which favors high-variance directions and contracts the representational
spectrum.

• Through controlled experiments, we reveal a U-shaped relationship between effective
dimension and performance, and show that rank regularization fails to resolve collapse,
often degrading performance.

• We propose DCVQ, which partitions the latent space into multiple independently quantized
low-dimensional subspaces, effectively breaking the U-shape limit.

• We validate DCVQ across datasets and architectures, showing consistent gains in recon-
struction quality and dimensional utilization.

2 Background and problem setup

In this section, we formalize the VQVAE framework, introduce key concepts related to dimensional
collapse and describe how we estimate the effective dimensionality.

2.1 Vector-Quantized Variational Autoencoders (VQVAEs)

A VQVAE consists of three main components: an encoder E , a codebook C = {ei}Ki=1, and a decoder
D. Given an input x, the encoder produces a continuous latent vector z = E(x) ∈ Rd, where d is the
background dimensionality. This vector is then discretized by replacing it with its nearest codebook
entry:

ẑ = ek∗ , where k∗ = argmin
k

∥z − ek∥2

If the encoder outputs multiple latent vectors (e.g., patch embeddings), quantization is applied
independently to each. The decoder reconstructs the input from the quantized latent: x̂ = D(ẑ).
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The training objective combines a reconstruction loss (e.g., mean squared error) and a commitment
loss that encourages the encoder output z to stay close to the selected codebook vector ẑ. When using
exponential moving average (EMA) updates [18], the codebook embeddings are updated separately
from gradient descent and thus do not appear in the training loss. The resulting training loss is:

L = ∥x− x̂∥22 + β∥z − sg[ẑ]∥22,
where sg[·] denotes the stop-gradient operator, and β controls the strength of the commitment.

2.2 Dimensional collapse in VQVAEs

While the background dimensionality d is fixed by model design, the effective dimensionality refers
to the number of directions in latent space that are meaningfully utilized by the model. In practice,
we observe that VQVAEs often use only a low-dimensional subspace of the full latent space, a
phenomenon we refer to as dimensional collapse.

Formally, given the code vectors C = {ei}Ki=1, we estimate the effective dimensionality using
principal component analysis (PCA). The explained variance ratio λj of each principal component j
indicates how much variance is captured along that direction. We define the effective dimension (Eff.
Dim) as the minimum number of principal components required to explain a fixed proportion (e.g.,
99%) of the total variance:

Effective Dim = min

d′ :

d′∑
j=1

λj > 0.99

 .

Unless otherwise noted, we use a 99% variance threshold throughout our experiments.

3 Analyzing dimensional collapse
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Figure 2: Dimensional collapse in VQGAN
(trained on ImageNet). Over 99% of variance
is captured by only 4 principal components,
despite a 256-dimensional background space.

In this section, we perform a comprehensive analysis
of dimensional collapse in Vector-Quantized VAEs
(VQVAEs). We begin by surveying a broad set of pre-
trained models and observe that collapse emerges as
a general and robust phenomenon, across modalities
and architectures.

We then conduct large-scale controlled experiments
to gain deeper insight into the relationship between
effective dimensionality and model performance.
These studies reveal a consistent U-shaped curve:
while extremely low-dimensional codes hurt expres-
siveness, forcing higher dimensionality beyond a low-
dimensional sweet spot also leads to performance
degradation.

To explain this behavior, we analyze training dynam-
ics and show that dimensional collapse originates early in the quantization layer, then propagates to
the encoder through the commitment loss. This insight is supported by temporal measurements and
correlation analysis of key hyperparameters.

Finally, we evaluate whether rank regularization, an intuitive fix, can resolve collapse. Our experi-
ments show that while such regularization increases effective dimensions, it also harms performance,
highlighting that collapse reflects the quantizer’s training dynamics. These findings motivate the need
for an architectural solution, which we present in Section 4.

3.1 Collapse in pretrained models

To assess the generality of dimensional collapse, we begin by analyzing a diverse collection of
pretrained VQ models spanning multiple domains, including images, video, and protein structures.
For each model, we extract the latent codebook embeddings and compute their effective dimensionality
via Principal Component Analysis (PCA), defined as the number of principal components required to
explain 99% of the total variance.
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Figure 3: Effective vs. background dimension-
ality across pretrained VQ models. Vanilla
VQVAE and RQVAE consistently underuti-
lize their latent space. Multiple models lie at
(256, 4); to improve visibility, their positions
are slightly jittered.

We start with VQGAN, one of the most widely used
VQVAE variants. As shown in Figure 2, despite
a 256-dimensional background space, over 99% of
the variance is captured by just four principal compo-
nents, which is an extreme case of collapse. The sharp
slope in the cumulative variance curve highlights how
aggressively the model compresses information into
a narrow subspace.

Figure 3 extends this observation across a wider
range of models and modalities. Both vanilla VQ-
VAE and RQVAE [9] consistently exhibit low effec-
tive dimensionality—often below 20—even when the
background dimension is 256. This pattern holds
across domains, indicating that the collapse is not
dataset-specific but instead reflects architectural or
training-level constraints.

3.2 VQVAEs’s low-dimensional
preference: U-shaped performance curve

To systematically study the conditions under which
dimensional collapse arises and affects performance,
we conduct a large-scale controlled experiment. We train 512 VQVAEs from scratch under diverse
combinations of dataset, architecture, and hyperparameter settings, allowing us to isolate key factors
influencing effective dimensionality.

3.2.1 Experimental Setup

Datasets. We use CIFAR-10 [8] and CelebA [12], following standard preprocessing pipelines.
CelebA images are resized and center-cropped to 64 × 64 resolution. All images are normalized
using dataset-specific mean and standard deviation. Our implementation builds on [5] and [21].

Architectures. We evaluate both CNN-based and ViT-based encoder-decoder architectures. These
are based on VQGAN [4] and ViT-VQGAN [23], respectively. We vary the encoder scale factor (f ),
background dimension, and codebook size. All models apply L2 normalization before quantization.

Hyperparameters. Table 1 summarizes the search space. To vary the background dimension
without changing the encoder, we insert a projection layer after the encoder and a corresponding
inverse projection before the decoder. This setup enables us to isolate the codebook background
dimensionality from the encoder and decoder dimensionality.

Hyperparameter Values Sampled
Codebook size 512, 1024, 2048, 8192
Background dimension 3, 4, 6, 8, 16, 32, 64, 128, 256
Commitment loss weight 0.1, 0.2, 0.5, 0.8, 1.0, 1.2, 1.5, 2.0, 2.5, · · · , 5.0, 5.5, 6.0
EMA decay 0.5, 0.8, 0.9, 0.95, 0.98
Rotation trick Enabled / Disabled
Dead-code restart threshold 0.008, 0.032, 0.125, 0.5

Table 1: Summary of hyperparameters explored in the large-scale controlled study.

3.2.2 Discovering the U-shaped performance curve

We next examine how effective dimensionality influences reconstruction performance across models.
Using the 512 configurations described above, we train all models for 100 epochs under consistent
training settings to ensure comparability across architectures and hyperparameters.

Figure 4 plots the validation loss as a function of effective dimensionality for different datasets
(CIFAR-10, CelebA), model types (CNN, ViT), and encoder scale factors (f = 4, 16). Each point
represents a trained model, with color indicating codebook size.
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Figure 4: Validation loss (reconstruction MSE) versus effective dimension across datasets, architec-
tures, and scale factors. Color represents codebook size. Within each color group, one can observe a
U-shaped curve, indicating a consistent relationship between effective dimension and performance.

Across most settings, we observe a clear U-shaped pattern: models with very low effective dimen-
sionality perform poorly, while performance improves as dimensionality increases up to a certain
point. Beyond this point, performance begins to degrade, resulting in a distinct U-shaped curve. For
example, on CIFAR-10 (ViT, f = 4), models with effective dimensions in the 4–10 range achieve the
best performance; higher dimensions offer no gain or even degrade results.

This U-shape suggests the existence of an intrinsic “sweet spot” in latent space usage, typically low
but not minimal, where the model achieves optimal reconstruction fidelity. For each model, this
corresponds to a fixed effective dimension d∗ that it consistently converges to when properly trained.
A natural question then arises: how can we shift this optimal effective dimension higher to enhance
the model’s expressiveness? To answer this question, we first investigate the cause of the collapse.

3.3 Understanding the cause of collapse
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Effective Dim vs. Background Dim

Figure 5: Effective dimension versus background dimension across datasets, architectures, and scale
factors. The dashed line indicates the upper bound where effective dimension equals background
dimension. As background dimension increases, effective dimension tends to plateau, indicating that
higher latent capacity is not utilized.

We begin by examining whether dimensional collapse is simply a consequence of limited latent size.
As shown in Figure 5, when the background dimension is small (e.g., 3–6), the effective dimension
scales linearly. However, once the background dimension becomes sufficiently large, the effective
dimension saturates and diverges from the upper bound. This decoupling suggests that collapse is not
caused by latent capacity itself, but rather emerges from internal training dynamics. Notably, this
saturation effect occurs across datasets and architectures, implying a general phenomenon.

To gain a deeper understanding of where and when collapse originates, we analyze the training-time
dynamics of effective dimensionality. As shown in Figure 6, collapse occurs rapidly—within the first
5–10k training steps—and then plateaus. More importantly, we observe that the codebook consistently
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Figure 6: Evolution of effective dimensionality over training steps for different background dimen-
sions (d = 64, 128, 256). Top row: effective dimensionality of the codebook embeddings (dcode).
Bottom row: difference between codebook and encoder dimensionality (dcode −denc), where negative
values indicate that the codebook collapses more severely than the encoder. Collapse occurs rapidly
in early training and then stabilizes, with the encoder gradually adapting to the collapsed codebook.

collapses earlier than the encoder. The bottom row shows the dimensionality gap (dcode − denc)1: it is
initially negative, revealing that the quantizer underutilizes dimensions first. Over time, the encoder’s
dimensionality drops as it conforms to the collapsed codebook.

These results indicate that collapse is not a failure of encoder expressiveness, but is instead induced
by early-stage quantizer behavior. This in turn suggests that collapse originates from the training
dynamics of the quantization mechanism itself.

To further validate this hypothesis, we analyze correlations between hyperparameters and final
effective dimensionality (Table 2). Among all factors, the commitment loss weight shows the
strongest and most consistent negative correlation across background dimensions. This aligns with
the temporal findings: the commitment loss acts as the conduit through which early quantizer collapse
is propagated to the encoder.

Taken together, these results support a coherent causal explanation: dimensional collapse originates
in the quantizer due to unstable training dynamics, and is reinforced by the commitment term that
pulls encoder outputs toward a degenerate codebook.

Table 2: Pearson correlation between effective dimensionality and hyperparameters, grouped by
background dimension. Commitment loss weight shows the strongest and most consistent correlation.

Hyperparameter Background Dim Avg.

6 8 16 32 64 128 256
Commitment Loss Weight -0.45 -0.72 -0.79 -0.68 -0.50 -0.62 -0.40 -0.60
Codebook Size 0.57 0.19 0.17 0.49 0.39 0.55 0.59 0.42
Rotation Trick 0.29 0.19 0.13 -0.02 0.41 0.39 0.44 0.26
Code Restart Threshold -0.10 -0.09 0.06 -0.09 -0.08 -0.01 0.15 -0.02
EMA Decay -0.04 0.03 0.10 0.07 0.05 0.03 -0.03 0.03

3.4 Quantization bias as a structural cause of collapse

While the previous analysis shows that collapse originates in the quantizer, the underlying cause
remains to be explained. We hypothesize that this behavior is not incidental but arises from an
inherent bias of the quantization process itself. Vector quantization in VQ-VAE can be viewed as
an online form of k-means, with codebook entries as centroids. Classical analyses relate k-means
to PCA by showing that the continuous relaxation of the k-means objective is a trace maximization
problem whose global optima are given by the top eigenvectors of the covariance/Gram matrix;
equivalently, principal components arise as continuous solutions to the discrete cluster-indicator
problem [27, 3]. This linkage implies that K-means effectively operates within the leading-variance

1denc is computed from the encoder outputs of the current batch.
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subspace, which helps explain our empirical finding that low-variance directions are attenuated after
quantization. This bias naturally leads to a contraction of the representation’s effective dimension.
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Figure 7: Synthetic illustration of quantization bias via k-means
clustering. (a) The ratio between centroid and data eigenvalues
(log scale) shows that clustering preserves high-variance directions
while attenuating low-variance ones. (b) A projection onto the
first and last principal components confirms this effect visually:
centroids (red) align with the high-variance axis, whereas variation
along the low-variance direction is largely lost.

Figure 7 illustrates this behavior
in a controlled synthetic setting.
We generate high-dimensional
Gaussian data with a prescribed
covariance spectrum and apply
k-means clustering to learn 512
centroids, then compare the co-
variance eigenvalues of the data
and centroids to quantify the
change in effective rank (code
provided in Sec. G). The ac-
companying visualization shows
that smaller eigenvalues shrink
markedly after clustering, while
a projection onto the first and
last principal components reveals
that centroids spread along the
high-variance direction but col-
lapse along the low-variance axis.
This geometric contraction mirrors the theoretical link between k-means and PCA—where the relaxed
k-means solution lies in the subspace spanned by leading eigenvectors [27, 3]—and together they
indicate that quantization inherently biases representations toward low-dimensional, high-variance
subspaces, offering a structural explanation for dimensional collapse.

In summary, both theoretical and empirical evidence suggest that dimensional collapse is not a
pathological optimization artifact but a structural outcome of the quantization process itself. By
favoring directions of high variance, quantization inherently compresses the representational spectrum,
even when the encoder produces high-rank features.

3.5 Failure of Rank Regularization

Given that collapse originates in the quantizer and is reinforced by training dynamics, one might
wonder whether it can be mitigated by explicitly encouraging high-rank encoder outputs. To investi-
gate this, we tested a wide range of rank-promoting strategies applied directly to the encoder outputs,
including KoLeo regularization [16, 14], Barlow Twins [25], VICReg [1], Spectrum Hinge, and
Rank Hinge. These methods address collapse through embedding spreading, redundancy reduction,
covariance spectrum shaping, and rank thresholding. Notably, KoLeo, Barlow Twins, and VICReg
originate from the self-supervised learning literature, where they are designed to prevent represen-
tational collapse. A summary of these methods and their corresponding objectives is provided in
Table 7.

Table 3 summarizes the quantitative effects of these regularizers on both CIFAR10 and ImageNet.
Across all methods, stronger regularization consistently increases the effective dimensionality of
encoder features but also leads to higher reconstruction loss, confirming that the apparent rank
expansion occurs primarily before quantization and does not translate into better post-quantization
performance.

These results reinforce a key insight: simply increasing the effective dimension does not improve
performance. On the contrary, forcing high-rank outputs from the encoder undermines the model’s
natural dimensional biases and yields lower-quality latent representations. Importantly, encoder-side
regularization fails to address the root cause of collapse: the behavior of the quantization layer.

This limitation highlights the need to intervene directly at the quantizer level, motivating a strategy
that respects the model’s low-dimensional preference while expanding the latent capacity. We
introduce such an approach, DCVQ, in the next section.
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Table 3: Validation reconstruction loss and effective dimension under different rank-promoting
regularizers. Results are reported for CIFAR10 (CNN, f=4) and ImageNet-1k (ViT, f=16). For
each regularizer, the lowest validation loss and the highest effective dimension are marked with “*”.

CIFAR10 ImageNet-1k

Regularizer Weight Val Loss Eff. Dim Weight Val Loss Eff. Dim

None 0.081 9

KoLeo
0.001 0.081* 9
0.01 0.082 10
0.1 0.106 27*

Barlow Twins

0.0001 0.081* 10 0.0001 0.173* 14
0.001 0.093 31 0.001 0.186 41
0.01 0.105 78* 0.01 0.205 91*
0.1 0.087 49 0.1 0.182 58

VICReg

0.1 0.081 9 0.1 0.172 9
1 0.080* 10 1 0.164* 11
10 0.082 11 10 0.169 13
100 0.085 12* 100 0.180 20*

Spectrum Hinge
(hinge=0.01)

0.1 0.080* 9 0.1 0.158* 9
1 0.081 9 1 0.168 11
10 0.089 49 10 0.181 63
100 0.129 111* 100 0.247 137*

Spectrum Hinge
(hinge=0.1)

0.1 0.080* 9
1 0.081 10 1 0.171* 11
10 0.084 11 10 0.183 15
100 0.085 12* 100 0.186 17*

Rank Hinge
(hinge=64)

0.001 0.081 9* 0.001 0.173* 9*
0.01 0.081 9* 0.01 0.173* 9*
0.1 0.080* 9* 0.1 0.173* 9*
1 0.081 9* 1 0.173* 9*

Rank Hinge
(hinge=128)

0.001 0.080* 9* 0.001 0.166 9*
0.01 0.082 9* 0.01 0.163* 9*
0.1 0.080* 9* 0.1 0.168 9*
1 0.081 9* 1 0.166 9*

4 DCVQ: Divide-and-conquer quantization for dimensional collapse

4.1 Motivation

Our analysis of dimensional collapse reveals a surprising yet consistent trend: model performance, as
measured by reconstruction quality, first improves and then degrades as the effective latent dimension
increases. Critically, the optimal performance typically emerges at a low effective dimension.

This finding suggests that VQVAEs intrinsically prefer operating in low-dimensional latent subspaces.
Forcing the model to uniformly utilize a higher-dimensional latent space, such as through explicit
rank regularization, would degrade the performance. Therefore, a more natural strategy is to embrace
the low-dimensional preference rather than fighting against it.

However, solely operating at such low effective dimensions severely limits the total information
capacity of the latent space. To balance these competing needs—respecting low-dimensional structure
while scaling total capacity—we propose DCVQ.

4.2 DCVQ architecture

Divide-and-Conquer Vector Quantization (DCVQ) is a simple architectural modification to VQVAE
that addresses dimensional collapse by splitting the latent space into multiple independently quantized
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subspaces. This design reflects the intrinsic preference of VQVAEs for low-dimensional structure
while scaling total capacity through parallelism.
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Figure 8: DCVQ divides the encoder output into multiple low-dimensional subspaces and quantizes
each independently. The quantized subspaces are then merged via a direct sum (concatenation) and
passed to the decoder. This divide-and-conquer strategy enables high total capacity while preserving
the model’s preference for low-dimensional structure.
Divide Step. Given an encoder output z ∈ Rd,
DCVQ partitions it into N equally sized sub-
spaces, each of dimension ds, with d = N · ds:

z = [z1, z2, . . . , zN ], zi ∈ Rds

This decomposition enables each subspace to op-
erate independently in a low-dimensional regime
close to the model’s optimal effective dimension
(ds ≈ d∗). Based on prior observations, we use
ds = 8.

Conquer Step. Each subspace zi is quantized
separately using its own codebook Ci:

ẑi = Quantize(zi, Ci)

The final latent representation is the concatena-
tion of the quantized subspaces:

ẑ = [ẑ1, ẑ2, . . . , ẑN ] ∈
N⊕
i=1

Rds

Concatenation forms a direct sum of subspaces. By linear algebra, the rank of the concatenated space
equals the sum of the ranks of the individual subspaces. Thus, stacking more quantizers leads to a
linear increase in effective dimension. This allows the model to achieve high expressivity without
violating its low-rank preference.

5 Experiments

5.1 Comparison with vanilla VQVAEs
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Figure 9: Comparison with vanilla VQVAEs. Text annota-
tions are N × ds (i.e., #Quantizers × Subspace Dim).

We compare DCVQ with stan-
dard VQVAE models across datasets
(CelebA, CIFAR10) and architectures
(CNN, ViT), with results shown in
Figure 9. Here, we fix the codebook
size to 512 entries for all models and
consider only the setting with f = 16.
We vary the subspace dimensionality
ds between 8 and 32, with ds = 8
assumed to be near the optimal for in-
dividual codebooks.

Across all settings, we observe that
DCVQ achieves lower validation loss
at significantly higher effective dimen-
sions, demonstrating that our goal in
Figure 1c is realized: the performance
curve shifts toward both higher dimen-
sionality and lower loss. This con-
firms that DCVQ overcomes the low-
dimensional bottleneck of vanilla VQ-
VAEs and scales more effectively. The gray points represent vanilla VQVAEs, which consistently
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operate in a narrow low-dimensional regime. In contrast, DCVQ variants span a broader range of
effective dimensions while achieving better loss. Notably, models using ds = 32 exhibit higher
validation loss than those using ds = 8, supporting the choice of ds = 8 as a near-optimal subspace
dimension. These results demonstrate that DCVQ enables higher-capacity representations without
sacrificing reconstruction quality.

5.2 Comparison with RQVAEs
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Figure 10: Effective dimension and reconstruction FID (rFID) across
different quantizer counts. We vary the number of quantizers while
keeping other hyperparameters, such as the dimensionality of each
quantizer, fixed to study how reconstruction quality evolves.

Since DCVQ employs
multiple codebooks, we
compare it against Residual
Quantization (RQ, also
known as RQVAE) [9], a
method that also leverages
multiple quantizers.

We evaluate reconstruction
performance on ImageNet-
256 using reconstruction
Fréchet Inception Distance
(rFID) as the metric. All
models use a convolutional
encoder-decoder architec-
ture from the RQ-VAE
codebase. For DCVQ, the latent vector is partitioned into subspaces of fixed dimension (ds ∈ {8, 64}),
each quantized independently. We vary the number of quantizers N ∈ {8, 16, 32}, ensuring that the
total codebook dimensionality for RQ matches that of DCVQ-8d (i.e., d = 8N ). The codebook size
is fixed at 16,384 across all settings.

Figure 10 shows that DCVQ achieves significantly higher effective dimensionality than RQ as the
number of quantizers increases, indicating more expressive latent codes. DCVQ-8d and DCVQ-64d
converge to similar effective dimensions despite differing background sizes, consistent with our
earlier observation that beyond a threshold, background dimension no longer constrains capacity.

In terms of rFID, DCVQ consistently outperforms RQ when N > 16. While RQ quickly saturates,
DCVQ continues to improve with more quantizers, especially with ds = 8, achieving higher effective
dimension and better reconstruction quality. These results confirm that DCVQ not only expands
latent capacity effectively but also translates that capacity into meaningful performance gains.

6 Conclusion and Discussion

We study dimensional collapse in VQVAEs, a phenomenon where models utilize only a small
subspace (typically 4–10 dimensions) regardless of a high background dimension. This limits
expressiveness, as increasing the background dimension yields diminishing gains in effective usage.

Our analysis reveals that collapse originates from early codebook degeneration and cannot be resolved
by encoder-side regularization alone. To address this limitation, we propose Divide-and-Conquer
VQ (DCVQ), which splits the latent space into low-dimensional subspaces, each independently
quantized. This respects the model’s low-dimensional preference while expanding total expressivity,
achieving both low background dimension and high utility.

Experiments across benchmarks show that DCVQ consistently improves both effective dimensionality
and reconstruction quality. These results confirm that DCVQ not only expands latent capacity
effectively, but also translates that capacity into meaningful performance gains.

Limitations. This work is primarily empirical and does not yet offer a theoretical explanation for
codebook collapse. Future work should aim to provide theoretical grounding and extend DCVQ to
other modalities.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction accurately summarize the paper’s key contri-
butions: (1) the discovery and analysis of dimensional collapse in VQVAEs, and (2) the
proposal of Divide-and-Conquer VQ (DCVQ) to overcome this limitation. These contribu-
tions are supported by empirical analysis in Section 3 and the proposed method and results
in Section 4 and 5.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
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Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: A dedicated "Limitations" paragraph is included at the end of Section 6.
We acknowledge that our study is primarily empirical and does not provide a theoretical
explanation for codebook collapse. We also note that the applicability of DCVQ to modalities
beyond vision remains unexplored and is left for future work.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: The paper is primarily empirical and does not include formal theoretical results,
assumptions, or proofs.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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Answer: [Yes]

Justification: We provide detailed descriptions of model architecture, training procedures,
datasets, and evaluation metrics in Section 3 and 4 and Appendix. These include hyperparam-
eter settings, codebook configuration, and data preprocessing steps, sufficient to reproduce
the main results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will include anonymized code and detailed instructions to reproduce our
main experimental results in the supplemental material before the final appendix submission
deadline. The code will cover both our proposed method (DCVQ) and baseline comparisons.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).
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• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We provide the key experimental settings in the main paper (Section 3 and
5), including datasets used, model configurations, and evaluation metrics. Full training and
testing details, including data splits, hyperparameters, and optimizer configurations, will be
included in the submitted anonymized code and supplemental materials.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: While we do not explicitly report error bars or confidence intervals, we conduct
a large-scale controlled experiment involving 512 independently trained VQVAEs across a
diverse set of conditions (Section 3.2). This extensive coverage enables us to systematically
analyze the statistical trends and variability of dimensional collapse. The number of runs
and control over variables provide strong empirical grounding for the observed U-shaped
performance patterns.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We will provide full details on compute resources, training time per experiment,
and total compute cost in the Appendix of the supplementary material. All experiments
were conducted on NVIDIA A100 GPUs with 80GB memory, though the experiments can
be reproduced on GPUs with 40GB memory with mild modifications.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics and confirm that our research
fully complies. Our experiments use only publicly available datasets (CIFAR-10, CelebA,
and ImageNet) under standard preprocessing. No human subjects, sensitive data, or person-
ally identifiable information are involved.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [No]

Justification: Our work focuses on understanding and improving the latent representation
properties of VQVAEs, a foundational generative modeling technique. We do not target
any specific downstream application or deployment. While improved generative models
could, in theory, contribute to misuse, our contribution is abstract and technical in nature.
Therefore, we do not explicitly discuss broader societal impacts in the paper.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our paper does not release any models or datasets that pose a high risk of
misuse. We work with standard, publicly available datasets (CIFAR-10, CelebA, ImageNet)
and do not release any pretrained generative models or scraped data. Therefore, no special
safeguards are necessary.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use only publicly available datasets and open-source code, and all assets
are properly credited and cited in the paper. Datasets: We use CIFAR-10 and CelebA, both
publicly available for academic use, and ImageNet (under its standard academic research
terms). Codebases: (1) lucidrains/vector-quantize-pytorch: MIT License (2)
kakaobrain/rq-vae-transformer: Apache 2.0 License (3) cfifty/rotation_trick:
No explicit license, but official code release accompanying an ICLR paper; used un-
der academic fair use (4) thuanz123/enhancing-transformers: MIT License (5)
CompVis/taming-transformers: MIT License. We cite all these assets in the main
paper and respect their licenses and terms of use. No proprietary or restricted resources are
used.
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Guidelines:
• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not introduce new assets such as datasets or pretrained mod-
els. We propose a new method (DCVQ), and the accompanying code will be released
in anonymized form as supplemental material for reproducibility purposes, but it is not
considered a structured new asset release.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve any crowdsourcing experiments or research with
human subjects. All experiments are conducted on publicly available datasets, and no new
data was collected from human participants.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve research with human subjects or crowdsourced
data collection. All experiments are conducted on publicly available datasets (CIFAR-10
and CelebA) under standard academic usage terms.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We did not use any large language model (LLM) as a component of the core
methods, experiments, or contributions in this research. Any language assistance was limited
to standard editing and had no impact on the scientific content or originality.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Related work

A.1 VQVAE and its variants

Vector-Quantized Variational Autoencoders (VQVAEs) [18] have emerged as a cornerstone in discrete
representation learning, enabling high-fidelity generative modeling across vision [15], audio [26],
video [20], and structural biology [19, 6]. The central idea is to discretize a continuous latent space
into learnable embeddings, typically via nearest-neighbor assignment to a codebook.

Successive works have aimed to scale and stabilize this framework. VQVAE-2 [15] introduced
hierarchical quantization, while VQVAE [9] proposed recursive residual quantization. Innovations
like grouped quantization [22], the rotation trick [5], and joint codebook updates in SimVQ [28]
further refine training dynamics and representation efficiency. Lookup-Free Quantization (LFQ) [24]
and Finite Scalar Quantization (FSQ) [13] offer scalar-level discretization with extremely low latent
dimensions (e.g., 6–8), improving code utilization but at the cost of expressivity.

Despite extensive progress in improving generation quality and mitigating codebook collapse, our
work focuses on dimensional collapse, a more subtle and previously overlooked issue.

A.2 Multi-codebook methods

Several recent works have proposed architectural strategies that superficially resemble our approach
by partitioning the latent space into independently quantized subspaces. For example, XQ-GAN and
IMAGEFOLDER [11, 10] adopt product quantization to split the latent space into low-dimensional
branches, each quantized separately. However, their primary goal is to align tokens with spatial
or semantic features to facilitate autoregressive modeling and reduce sequence length, rather than
addressing the underlying structure of the latent space. In contrast, our work is driven by a systematic
analysis of dimensional collapse in VQVAEs, where high-dimensional embeddings are compressed
into narrow subspaces, limiting expressivity.

Other methods, such as RQVAE [9] and grouped quantization [22], improve expressivity by intro-
ducing multi-stage or groupwise quantization to better approximate the encoder outputs. Visual
AutoRegressive modeling (VAR) [17] further complements this line by redefining generation as a
coarse-to-fine, multi-scale prediction task, achieving state-of-the-art results in efficiency and quality.
While these approaches adopt multi-codebook designs to enhance generation, our proposed DCVQ
leverages them as a means to address latent space underutilization.

A.3 Codebook collapse and dimensional collapse

Codebook collapse—the underutilization of codebook entries—has long been recognized as a key
limitation in VQVAEs [18]. Numerous approaches have been proposed to mitigate this issue, includ-
ing dead-code replacement [26], exponential moving average (EMA) updates [15], and architectural
modifications that improve gradient flow and codebook dynamics [28, 5]. Interestingly, several
works [13, 23] have shown that reducing the embedding dimension can lead to improved code usage,
suggesting a link between codebook utilization and the underlying structure of the latent space.

However, most of these efforts focus on usage statistics such as codebook perplexity or entropy,
without examining the geometry of the latent space itself. A more fundamental issue—dimensional
collapse—has only recently begun to attract attention. This refers to the observation that, despite
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operating in high-dimensional latent spaces, VQVAEs often encode information in a much lower-
dimensional subspace. While the term "dimensional collapse" has previously been used in contrastive
self-supervised learning [7] to describe degeneracy in feature representations, its occurrence in
VQ-based generative models has not been systematically studied.

B Case study: visualization of each effective dimension

B.1 Purpose

This section aims to provide an intuitive understanding of what is encoded in each effective dimension
of the VQVAE codebook. By visualizing the role of individual principal components (PCs), we
explore how semantic information is distributed across the most significant axes of variation in the
learned discrete latent space.

B.2 Methodology

We perform principal component analysis (PCA) on the codebook embeddings to identify the most
informative directions. Specifically, we construct a series of reduced codebooks that contain only the
first k principal components (k = 1 to 6). Each level of this PCA-reduced codebook represents an
increasingly complete approximation of the full latent space.

For a given input image, we extract its discrete token indices using the encoder. We then replace the
standard codebook embeddings with their PCA-reduced counterparts before decoding. This allows
us to visualize how reconstructions evolve as more effective dimensions are included.

We conduct the experiment on VQGAN. Notably, our analysis reveals that over 99% of the variance
in the codebook is captured by the first 4 principal components. Thus, we focus on up to the first 6
PCs to analyze marginal contributions beyond the main informative axes.

B.3 Visualization setup

The visualizations are arranged in two rows for each example:

• Top row: reconstructions using progressively richer PCA embeddings—from PC1 only up
to PC6. The baseline input and full VQGAN reconstruction are also included for reference.

• Bottom row: the latent activations corresponding to each individual PC, rendered as
grayscale images, to show spatial distribution and intensity.

B.4 Findings

From the visualizations in Figure 11, we observe the following:

• PC1 captures the global layout or coarse structure of the image. For example, the silhouette
or contour of a person is often visible even with only the first PC.

• PC2 and PC3 encode finer details such as texture and local contrast, improving visual
fidelity and definition.

• PC4 and PC5 introduce color and tone variations, filling in stylistic and chromatic informa-
tion.

• PC6 contributes marginally, with minimal visible structure in either the reconstruction or
the latent visualization, indicating that it carries negligible additional semantic content.

This experiment supports the interpretation that VQVAE codebooks suffer from a dimensional bottle-
neck, where only a few directions in the latent space carry most of the meaningful information. This
visualization method complements quantitative measures by providing direct human-interpretable
evidence of dimensional collapse.
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Figure 11: Reconstructions and principal component visualizations for selected examples.
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C Implementation details

C.1 Codebase

Our implementation is based on several publicly available GitHub repositories:

• lucidrains/vector-quantize-pytorch [21] (MIT License)
• kakaobrain/rq-vae-transformer [9] (Apache 2.0 License)
• cfifty/rotation_trick [5] (No explicit license; used under academic fair use as per

official ICLR release)
• thuanz123/enhancing-transformers (MIT License)
• CompVis/taming-transformers [4] (MIT License)

Specifically, the training script for VQVAE on CelebA and CIFAR-10 was adapted
from cfifty/rotation_trick, and the ViT architecture implementation was taken from
thuanz123/enhancing-transformers. The CNN-based encoder/decoder backbone was based
on CompVis/taming-transformers. The RQ-VAE training procedure and the training script for
ImageNet were derived from kakaobrain/rq-vae-transformer. We re-trained RQVAE on our
own setup and observed that the performance closely matched the results reported in their paper.

C.2 Training infrastructure

All experiments were conducted on NVIDIA A100 GPUs with 80GB of memory. Training was
performed on a single GPU per run. Although A100s were used, our models did not fully utilize
the available memory, making it feasible to train them on lower-end GPUs as well. We employed
Weights and Biases (wandb) for experiment tracking and conducted uniform random hyperparameter
sweeps. Reported training times (in GPU-hours) are taken directly from the wandb platform.

C.3 Datasets

We conduct experiments on three datasets: ImageNet-256, CelebA-64, and CIFAR-10. ImageNet
images are resized to 256×256 resolution. CelebA images are resized to 64×64, and CIFAR-10
consists of 32×32 images. These datasets cover a range of visual complexity and resolution, allowing
us to evaluate the model’s behavior across diverse settings.

C.4 Hyperparameters for CelebA and CIFAR-10

For the experiments on CelebA and CIFAR-10 presented in Section 3 and Section 5 of the main text,
we conducted hyperparameter searches over selected variables as described in Table 1 (main text).
Other hyperparameters were held fixed across runs. The full configuration used in these experiments
is detailed in Table 4. We use a custom learning rate scheduler that linearly warms up, then decays
via cosine annealing to a fixed minimum learning rate.

C.5 Hyperparameters for ImageNet

For the ImageNet experiments in Section 5, we adopt the default hyperparameters provided by the
RQVAE codebase, which could be found in Table 5.

C.6 Architecture Details for CelebA and CIFAR-10

We use a standard VQ-VAE framework composed of an encoder, a vector quantizer, and a decoder.
The encoder and decoder architectures differ depending on the model configuration:

• CNN-based: We adopt a convolutional encoder-decoder architecture inspired by VQGAN.
The model downsamples the input by a factor of 4 or 16, using 3 or 5 convolutional blocks
respectively. Each block contains 2 residual layers, and the number of channels is determined
by a base width of 128 multiplied by a channel multiplier. The channel multiplier is set to
[1, 2, 4] for a downsampling factor of 4, and [1, 1, 2, 2, 4] for a factor of 16. The encoder
output is projected to a fixed dimensionality of 256 using a convolutional layer.
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Hyperparameter Value
Batch size 32
Optimizer Adam
Learning rate 0.0001
Weight decay 0.0001
Epochs 100
Model type VQVAE with rotation trick
Codebook type cosine
Warmup iterations 3000
Decay iterations 50000
Stochastic sampling of codes False
Dropout 0
Seed 0

Table 4: Fixed hyperparameter configuration for the experiments in Section 3.

Hyperparameter Value
Batch size 32
Epochs 10
Optimizer Adam
Learning rate 4.0e-05
Betas (0.5, 0.9)
Weight decay 0.0
Learning rate scheduler fixed learning rate
Discriminator loss Hinge
Discriminator start epoch 0
Discriminator weight 0.75
Generator loss Vanilla
Perceptual loss weight 1.0

Table 5: Non-architectural hyperparameters used in the experiments in Section 5.

• ViT-based: We employ a Vision Transformer (ViT) encoder-decoder architecture for image
tokenization and reconstruction. The input image is partitioned into non-overlapping patches
of size f × f , where f denotes the patch size (e.g., f = 4 or 16). Each patch is embedded
via a convolutional projection into a 768-dimensional vector. Fixed 2D sinusoidal positional
embeddings are added to the patch sequence, which is then processed by a Transformer
encoder comprising 12 layers, each with 12 self-attention heads and an MLP of width
3072. The encoded patch representations are quantized and then passed to a symmetric
Transformer decoder to reconstruct the image. This architecture enables global context
modeling and adaptive spatial compression.

In both architectures, a linear projection maps the encoder output to the quantizer input space, which
allows tunable codebook dimensionality. After quantization, the embeddings are projected back
before being passed to the decoder. The quantizer is based on cosine similarity and is updated using
exponential moving average (EMA).

C.7 Architecture Details for ImageNet

For experiments on ImageNet, the settings are similar but we only have CNN-based backbone with
f = 8. We follow the RQVAE architecture with the following configuration:

• CNN-based (ImageNet): We utilize a deep convolutional encoder-decoder architecture
designed for high-resolution inputs. The encoder comprises 6 stages, each with 2 residual
blocks, totaling 12 residual layers. A base channel size of 128 is used with channel multi-
pliers [1, 1, 2, 2, 4, 4], reaching up to 512 channels in deeper layers. The spatial resolution
is reduced by a factor of 8. The encoder output is projected to a 256-dimensional latent
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space. A commitment loss with weight 0.25 is applied to encourage consistency between
the encoder output and the quantized representation.

C.8 GPU usage

Table 6 summarizes the GPU usage for the experiment in Section 3. The GPUs we use were A100
80GB.

Sweep Name Dataset & Model GPU Days
sweep_celeba_cnn_f=4 CelebA + CNN 47
sweep_celeba_vit_f=4 CelebA + ViT 87
sweep_cifar_cnn_f=4 CIFAR-10 + CNN 15
sweep_cifar_vit_f=4 CIFAR-10 + ViT 19
sweep_celeba_cnn_f=16 CelebA + CNN 34
sweep_celeba_vit_f=16 CelebA + ViT 32
sweep_cifar_cnn_f=16 CIFAR-10 + CNN 15
sweep_cifar_vit_f=16 CIFAR-10 + ViT 17

Table 6: GPU time (in GPU-days) consumed by each sweep. Each sweep includes 64 individual
runs, totaling 512 runs across all configurations. The sweeps vary by dataset (CelebA or CIFAR-10),
model type (CNN or ViT), and downsampling factor (f = 4 or f = 16).

D Details of the rank regularizers

Table 7 summarizes the regularizers in Table 3.
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Table 7: Rank-promoting regularization methods applied to encoder outputs. All operate on ℓ2-
normalized features x ∈ Rn×d, where n is the batch size and d is the feature dimension. We denote by
σ(x·i) the feature-wise standard deviation of x, by C(x) the covariance matrix of x, and by {λi}di=1
the singular values of x obtained from its singular value decomposition (SVD). Batch-normalized x
is denoted as xBN.

Method Description Objective

KoLeo [16,
14]

Encourages uniform spreading of
features in latent space by maximiz-
ing pairwise distances.

− 1

n

n∑
i=1

logmin
j ̸=i

∥xi − xj∥

Barlow
Twins [25]

Promotes feature decorrelation by
penalizing off-diagonal covariance
and enforcing unit variance.

d∑
i=1

(
C(xBN)ii − 1

)2
+ 5.1

1000

∑
i ̸=j

C(xBN)2ij

VICReg [1] Maintains feature variance while
reducing cross-covariance between
dimensions.

1
d

d∑
i=1

max
(
0, 1− σ(x·i)

)
+ 1

25d

∑
i ̸=j

C(x)2ij

Spectrum
Hinge

Prevents small singular values by
applying a hinge threshold τ .

d∑
i=1

max(0, τ − λi)

Rank Hinge Enforces a minimum effective rank
r by penalizing when the leading
(r− 1) components explain over
99% of variance.

max
(
0,

∑r−1
i=1 λ2

i∑d
i=1 λ2

i

− 0.99
)
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E Additional results on Pearson correlations with effective dimensionality

In Table 2 of the main text, we report the average Pearson correlation between effective dimensionality
and various hyperparameters, aggregated over different background dimensionalities. Figure 12
provides a more detailed breakdown of these correlations across individual datasets, architecture,
scale factors, and background dimensions.

To further disentangle the effect of the Rotation Trick, Tables 8 and 9 report the same correlation
analysis separately for cases where the Rotation Trick is enabled and disabled, respectively. The
results confirm that the overall trends remain consistent.

Table 8: Correlation coefficients between hyperparameters and model performance when the Rotation
Trick is enabled.

Hyperparameter 6 8 16 32 64 128 256 Avg.
Commitment Loss Weight -0.67 -0.82 -0.93 -0.84 -0.69 -0.50 -0.53 -0.71
Codebook Size 0.73 0.20 0.15 0.55 0.18 0.77 0.53 0.45
Code Restart Threshold -0.23 -0.43 -0.22 -0.07 0.04 -0.20 -0.03 -0.14
EMA Decay 0.13 0.21 -0.03 0.17 -0.03 -0.06 0.12 0.06

Table 9: Correlation coefficients between hyperparameters and model performance when the Rotation
Trick is disabled.

Hyperparameter 6 8 16 32 64 128 256 Avg.
Commitment Loss Weight 0.14 -0.44 -0.79 -0.69 -0.75 -0.56 -0.73 -0.57
Codebook Size 0.69 0.17 0.29 0.48 0.38 0.76 0.81 0.52
Code Restart Threshold 0.13 0.33 0.05 0.08 -0.01 -0.21 -0.15 0.02
EMA Decay -0.17 0.39 0.06 -0.11 -0.05 0.24 0.22 0.08
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Figure 12: Correlation between effective dimensionality and various hyperparameters (part 1).
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Figure 12 (continued): Additional correlation plots.
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F Computational cost of DCVQ

To assess the computational overhead of DCVQ, we compare its training time with that of a standard
VQVAE under identical conditions. All models are trained on CIFAR-10 using the same CNN
encoder–decoder architecture for 100 epochs on a single NVIDIA A100 GPU. In DCVQ, each
subspace quantizer operates independently, allowing for efficient parallel processing. The results are
summarized in Table 10.

Table 10: Comparison of training time between DCVQ and vanilla VQVAE on CIFAR-10. The total
latent dimensionality is matched in each pair of experiments.

Total dim Type Dim per quantizer Num. quantizers Training time
32 VQVAE – – 5h 34m 41s
32 DCVQ 8 4 5h 34m 35s
64 VQVAE – – 5h 40m 41s
64 DCVQ 8 8 5h 40m 17s

256 VQVAE – – 6h 17m 57s
256 DCVQ 32 8 6h 13m 39s

The training times of DCVQ and vanilla VQVAE are nearly identical across all settings when the
total latent dimensionality is matched. This demonstrates that the additional quantization operations
introduced by DCVQ incur negligible computational overhead.
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G Synthetic Experiment Demonstrating Quantization Bias

The following PyTorch code reproduces the synthetic k-means experiment shown in Figure 7.

1 import torch
2 import matplotlib.pyplot as plt
3 from sklearn.cluster import KMeans
4

5 def gen_data(N, D, p):
6 eigvals = (10 ** torch.randn(D)).pow(p).sort(descending=True)[0]
7 U, _, Vt = torch.linalg.svd(torch.randn(N, D), full_matrices=False

)
8 X = U @ torch.diag(torch.sqrt((N - 1) * eigvals)) @ Vt
9 return X, eigvals

10

11 def centroid_eigvals(X, n_clusters =512):
12 kmeans = KMeans(n_clusters=n_clusters , random_state =0, n_init =10)
13 kmeans.fit(X.numpy())
14 cov = torch.cov(torch.tensor(kmeans.cluster_centers_).T)
15 return torch.tensor(kmeans.cluster_centers_), torch.linalg.svd(cov

)[1]
16

17 torch.manual_seed (0)
18 N, D, K = 4096, 64, 512
19 X, target_eigs = gen_data(N, D, p=0.3)
20 centroids , centroid_eigs = centroid_eigvals(X, n_clusters=K)
21 ratio = centroid_eigs / target_eigs
22

23 fig , axs = plt.subplots(1, 2, figsize =(10, 4))
24

25 axs [0]. plot(ratio.numpy(), ’o-’, color=’tab:blue’, markersize =4)
26

27 U, S, Vt = torch.linalg.svd(X, full_matrices=False)
28 X_2d = X @ Vt[[0, -1], :].T
29 C_2d = centroids @ Vt[[0, -1], :].T
30 axs [1]. scatter(X_2d[:, 0], X_2d[:, 1], s=5, alpha =0.3, color=’tab:gray

’, label=’Data’)
31 axs [1]. scatter(C_2d[:, 0], C_2d[:, 1], s=30, color=’tab:red’, label=’

Centroids ’)
32 plt.show()

Code 1: Synthetic experiment showing eigenvalue suppression under k-means quantization.
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