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Abstract

Autoregressive (AR) models have shown great
promise in image generation, yet they face a
fundamental inefficiency stemming from their
core component: a vast, unstructured vocabu-
lary of visual tokens. By treating tokens as a flat
set, standard models overlook the manifold struc-
ture where geometric proximity reflects semantic
similarity. This oversight unnecessarily compli-
cates the prediction task, hindering training effi-
ciency and limiting generation quality. To resolve
this, we propose Manifold-Aligned Semantic
Clustering (MASC), a principled framework that
constructs a hierarchical semantic tree directly
from the codebook’s intrinsic geometry. Utilizing
a geometry-aware distance metric and density-
driven agglomerative construction, MASC faith-
fully models the token embedding manifold. By
transforming the flat, high-dimensional prediction
into a structured hierarchical task, MASC intro-
duces a powerful inductive bias that simplifies
learning. Designed as a plug-and-play module,
MASC accelerates training by up to 71% and sig-
nificantly boosts generation quality, improving
LlamaGen-XL’s FID from 2.87 to 2.49. Crucially,
MASC further serves as a convergence enabler
for complex architectures. These results establish
that structuring the prediction space is as vital
as architectural innovation, elevating existing AR
frameworks to state-of-the-art performance.

1. Introduction

Autoregressive (AR) image generation (Esser et al., 2021;
Sun et al., 2024; Tian et al., 2024; Zhou et al., 2024; Fan
et al., 2024; Li et al., 2024) has developed rapidly, demon-
strating remarkable scalability similar to that of Large Lan-
guage Models (LLMs) (Brown et al., 2020; Touvron et al.,
2023) and achieving a level of fidelity that rivals leading
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Figure 1. MASC demonstrates strong capabilities in high-fidelity
and diverse image generation.

diffusion-based methods (Peebles & Xie, 2023; Dhariwal
& Nichol, 2021; Hatamizadeh et al., 2024). Among vari-
ous methods, the approach of using discrete tokenizers has
attracted widespread attention, not only because they are
structurally consistent with the mature LLM paradigm, but
also because they offer advantages in training efficiency and
ease of optimization. As illustrated in Figure 2, the stan-
dard framework for these models consists of two distinct
stages: an image tokenizer and an autoregressive causal
Transformer. The tokenizer first converts a continuous im-
age into a sequence of discrete integer indices via a learned
codebook. Subsequently, the Transformer is trained on these
index sequences to causally predict the next token.

The elegance of this paradigm, however, conceals a funda-
mental drawback stemming from the quantization process:
a critical loss of structural information. The AR model
is trained on a flat vocabulary of discrete indices, which
implicitly treats semantically similar tokens as unrelated
entries in a vast categorical space. This process largely dis-
regards the rich geometric relationships embedded within
the codebook’s high-dimensional vector space. These to-
ken embeddings are not randomly scattered; rather, they
lie on or near a lower-dimensional semantic manifold (Huh
et al., 2023; Van Den Oord et al., 2017), where geometric
proximity corresponds to semantic similarity. By ignoring
this intrinsic structure, the AR model is forced to tackle a
massive N-way (N is the total number of codebook tokens)
classification problem at each stepexpending capacity to
implicitly re-learn these structures, which leads to sample
inefficiency and slow convergence (Ranzato et al., 2015).

Recognizing this challenge, a recent line of work has sought
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Figure 2. Overview of the MASC-integrated autoregressive generation pipeline, and the bottom row showcases high-fidelity images
generated by MASC. Stage 1: A standard image tokenizer is trained, yielding a finalized codebook of visual tokens. MASC Preprocessing:
Our proposed framework takes this codebook and constructs a hierarchical semantic tree, producing a mapping function (M) from
fine-grained tokens to coarse-grained semantic branches. Stage 2: The transformer is then trained on these simplified branch indices.

to re-introduce this lost structural information by provid-
ing the AR model with a codebook prior (Hu et al., 2025;
Guo et al., 2025). The common approach is to use k-means
clustering to group the token embeddings. However, this
strategy is fundamentally limited because k-means is ill-
suited to the intrinsic structure of the semantic manifold.
Standard Euclidean distance, which k-means relies on, is a
poor proxy for true semantic distance on a curved manifold.
Cluster centroids, calculated as simple arithmetic means,
can fall off the manifold entirely, making them poor repre-
sentatives of their clusters (Beyer et al., 1999; Huh et al.,
2023). Furthermore, the distribution of tokens on this man-
ifold is highly non-uniform, reflecting the statistics of the
visual world (Van Den Oord et al., 2017).

In this work, we introduce Manifold-Aligned Semantic
Clustering (MASC), a framework designed to construct
a principled, structure-aware prior that serves as a powerful
inductive bias for the AR model. MASC directly confronts
the aforementioned challenges with two key innovations: (1)
a robust, manifold-aligned similarity metric that is centroid-
free, and (2) a density-driven, agglomerative construction
process that respects the non-uniform token distribution.
The result is a hierarchical semantic tree that transforms the
difficult, high-dimensional flat prediction problem into a
simpler, structured one, as shown in Figure 3. This unlocks

significant gains in both training efficiency and generation
quality. Our main contributions are summarized as follows:

[leftmargin=10pt,topsep=0pt]

* We identify structural information loss as an ineffi-
ciency in discrete AR models. We show that treating
tokens as an unstructured vocabulary ignores the se-
mantic manifold, creating a high-entropy prediction
task that hinders scalability and convergence.

* We propose MASC, a framework that transforms this
flat task into a structured hierarchical prediction. By
utilizing a centroid-free, manifold-aligned metric and a
density-driven construction, MASC injects a principled
inductive bias that models the codebook’s intrinsic
geometry.

* We provide extensive validation demonstrating that
MASC is a universal performance booster. It acceler-
ates training by up to 71%, elevates generation quality
to state-of-the-art levels (e.g., improving LlamaGen-
XL FID from 2.87 to 2.49), and enables convergence
for complex architectures that otherwise diverge, prov-
ing that structural alignment is essential for generative
modeling.
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Figure 3. Conceptual illustration of MASC versus k-means. Left: Visual tokens reside on a semantic manifold where geodesic distance
is a better similarity measure than Euclidean distance (dashed line). Right: Geometry-agnostic k-means produces incoherent clusters,
whereas MASC’s manifold-aligned approach correctly captures the intrinsic data structure and preserves semantic integrity.

2. Related Work

Autoregressive Image Generation. Inspired by Large Lan-
guage Models (LLMs) (Brown et al., 2020; Touvron et al.,
2023), the field of autoregressive (AR) image generation has
rapidly matured. Its core paradigm uses a tokenizer (Esser
etal., 2021; Yu et al., 2021) to convert images into discrete
sequences for a Transformer model, an approach that has
proven highly scalable and achieved quality competitive
with leading diffusion models (Dhariwal & Nichol, 2021;
Peebles & Xie, 2023). A wave of architectural innovations
has advanced the field, from adapting LLM designs (Sun
et al., 2024) and exploring diverse prediction schemes (Tian
et al., 2024; Zhou et al., 2024; Han et al., 2024; Fan et al.,
2024), to developing new decoding, refinement, and align-
ment strategies (Zhang et al., 2025; Cheng et al., 2026; Wu
et al., 2025). Despite these significant advancements, a
unifying challenge persists: discrete AR models perform
prediction over a large, flat, and unstructured vocabulary.

Codebook Priors. Pioneering methods have sought to ex-
tract a codebook prior. The predominant approach has been
to apply k-means clustering to the token embeddings (Hu
et al., 2025; Guo et al., 2025). However, the visual token
space is better modeled as a non-uniform semantic mani-
fold (Van Den Oord et al., 2017; Huh et al., 2023), where
k-means’ core assumptions about Euclidean space and mean-
ingful centroids are violated. This mismatch often results
in semantically incoherent clusters and a noisy prior (Beyer
et al., 1999). Other works on codebook manipulation fo-
cus on improving the tokenizer’s representational (Li et al.,
2023; Zheng & Vedaldi, 2023) rather than providing a struc-
tural prior.

Manifold Learning and Hierarchical Clustering. Our
approach is grounded in two established principles. First,
Manifold learning posits that token embeddings lie on a
low-dimensional manifold (Tenenbaum et al., 2000; Belkin
& Niyogi, 2003), where standard Euclidean distance is an
unreliable metric, thus necessitating geometry-aware meth-
ods (Beyer et al., 1999; Angiulli, 2018). Second, hierarchi-
cal clustering (Lukasovd, 1979; Ward Jr, 1963) is naturally
suited for the non-uniform density of such data. MASC
operationalizes a synthesis of these principles, employing a
geometry-aware metric within a density-driven algorithm.

3. Methodology

3.1. Preliminaries: The High-Dimensional Prediction
Challenge

Discrete token-based autoregressive image generation
frameworks (Esser et al., 2021; Sun et al., 2024; Tian
et al., 2024) operate via a two-stage process. First, an im-
age tokenizer maps a continuous image x € RIXWx3
into a sequence of discrete integer indices. An encoder
F produces a feature map, and each feature vector z(%7)
is quantized to its nearest token in a learnable codebook

Z ={v1,...,un} C R? via a nearest-neighbor lookup:
gt =ke{l,...,N} 1209 — w2, (D
resulting in a grid of token indices 29 € {1,..., N}"*w,

which is flattened into a 1D sequence of length L = i x w.

In the second stage, an autoregressive model G, typically a
Transformer, is trained to maximize the likelihood of this
token sequence, predicting the next token z{ based on the
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preceding context z_,:

L
p(z1) = [ [ p(212%:: G). ©)
t=1

This is practically realized by an output layer producing a
probability distribution over all N tokens. The core diffi-
culty, which we term the high-dimensional prediction chal-
lenge, stems from this process. The model is forced to
perform a massive N-way classification at every step, treat-
ing the vocabulary as a flat, unstructured set of categories.
This quantization step discards the rich geometric structure
of the codebook, where semantic relationships are encoded
as distances. Without this structural information, the model
must expend significant capacity learning the semantic land-
scape from scratch. A codebook prior, therefore, aims to
re-introduce this latent structure, providing an inductive bias
to make the prediction task more tractable and efficient.

3.2. MASC: Constructing a Structure-Aware Prior

To resolve the high-dimensional prediction challenge, we
introduce Manifold-Aligned Semantic Clustering (MASC),
a framework designed to construct a structure-aware prior
from the codebook. MASC builds a hierarchical seman-
tic tree that models the intrinsic geometric and statistical
properties of the token embeddings, providing a powerful
and meaningful inductive bias for the AR model. The con-
struction process is composed of two core components: a
principled similarity metric and a density-driven clustering
algorithm.

3.2.1. A PRINCIPLED DISTANCE FOR A SEMANTIC
MANIFOLD

A principled prior must be built upon an accurate measure
of semantic similarity. As previously discussed, the token
embeddings {v;} lie on or near a complex semantic mani-
fold embedded within a high-dimensional space. A naive
approach like k-means, which relies on Euclidean distance
to cluster centroids, is fundamentally flawed in this context
for two primary reasons. First, the arithmetic mean used
to compute a centroid is a point in the ambient Euclidean
space, which may not lie on the manifold itself. Using
such an off-manifold point as a representative for a group
of on-manifold tokens is geometrically unsound and can
lead to inaccurate cluster assignments (Huh et al., 2023).
Second, even if the centroid were valid, standard Euclidean
distance is a poor proxy for true semantic similarity in a
high-dimensional, curved space, which is more accurately
described by the path length along the manifold’s surface
(Beyer et al., 1999; Tenenbaum et al., 2000).

While computing the true geodesic distance is computation-
ally intractable for an implicitly defined manifold, we can
instead devise a practical metric that respects the manifold’s
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Figure 4. Analysis of Semantic Coherence. (a-c) Semantic
Replacement Test: Replacing image tokens with random clus-
ter members reveals that MASC (c) preserves semantic struc-
ture, whereas K-means (b) introduces artifacts. (d) MASC yields
higher intra-cluster semantic similarity. (e-f) Visualizations con-
firm MASC groups coherent textures (e), while K-means mixes
unrelated semantics based on color (f).

properties. Instead of relying on a single, potentially in-
valid centroid, we employ a robust, instance-based average
distance to measure the dissimilarity between two clusters,
Cs and C,. This metric aggregates the pairwise Euclidean
distances between all tokens across the two clusters:

1
D(CS7Ct):m YD vl 3)

v;€Cs v;€C

This metric is inherently manifold-aligned because it is
centroid-free, relying exclusively on the locations of the
actual tokens which are guaranteed to lie on the manifold.
By averaging over all pairs, it provides a robust measure
of inter-cluster separation that implicitly respects the local
geometry and is less sensitive to outliers, serving as a sound
basis for constructing a meaningful semantic hierarchy.

3.2.2. DENSITY-DRIVEN HIERARCHICAL
CONSTRUCTION

Equipped with our similarity metric D, we construct the
semantic tree using a bottom-up, agglomerative hierarchical
strategy (Lukasovd, 1979; Ward Jr, 1963). This choice
is crucial as the algorithm is deterministic and inherently
respects the non-uniform density distribution of tokens on
the manifold. The construction process proceeds as follows:

Initialization: The process begins with N initial clusters,

)

where each cluster CJ(-O contains a single token from the

codebook: CJ(-O) = {v;} for j € {1,...,N}. These form
the leaf nodes of our tree.

Iterative Merging: The algorithm then performs N — 1
merging iterations. In each iteration ¢, it identifies the pair
of distinct clusters (C*, C}") from the current set of clus-
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Figure 5. Visual comparison between K-means and MASC. K-
means results exhibit high-frequency noise and structural collapse.

Figure 6. Training dynamics of LlamaGen-L on ImageNet. The
plots compare the IS and FID scores over training epochs for the
baseline, the + k-means variant, and our + MASC method. The
MASC-enhanced model reaches the baseline’s final performance
in approximately half the training time, and ultimately converging
to a better result.

ters C(“~1) that are most similar to each other, and merges
them to form a new parent cluster. The merging criterion is
formally expressed as:

(€5, CF) =c.,crecti—n szt D(Cs, Ct). @

The new set of clusters for the next iteration, (C(i), is then
formed by replacing C¥ and C} with their union, C¥ U Cj.
This merging process is repeated until the root of the MASC
tree remains, which encompasses all NV original tokens.

The critical insight is that this bottom-up construction is
implicitly density-driven. High-density regions on the se-
mantic manifold correspond to areas where many tokens
with similar visual semantics are tightly packed. Conse-
quently, the pairwise distances D between tokens or clusters
within these regions will be small. Our algorithm, by always
merging the closest pair according to Eq. 4, naturally priori-
tizes forming connections within these dense, semantically
coherent regions first. This property avoids the critical flaw
of methods like k-means, which can carelessly partition

dense regions, and guarantees that the most fundamental
semantic similarities are faithfully captured in the hierarchy.

3.3. Integrating the MASC Prior with Autoregressive
Models

The MASC-generated tree provides a multi-level structural
prior of the codebook. To integrate this prior into the au-
toregressive framework, we primarily use it to perform a
principled form of vocabulary reduction. The full seman-
tic tree is cut at a level that yields & distinct branches, where
k < N is a hyperparameter. Each of these branches repre-
sents a semantically coherent cluster of fine-grained tokens.
We then create a mapping M : {1,..., N} — {1,... k}
that assigns each original token index to its corresponding
coarse-grained cluster index.

This mapping provides a powerful inductive bias by trans-
forming the model’s learning objective. During training,
the ground-truth sequences of fine-grained indices 29 are
converted into sequences of coarse-grained cluster indices
zb = M(2%). The autoregressive model G is then trained
to predict the next cluster index, rather than the next token

index:
L

p(z") = [ p(2f1224:9). )
t=1

This fundamentally changes the prediction task from a flat
N-way classification to a structured k-way classification.
Since each target class now represents a semantically mean-
ingful region of the original embedding space, the learning
task is significantly simplified, allowing the model to learn
the high-level structure of images more efficiently.

During inference, the AR model generates a sequence of
coarse cluster indices 2%, which must be decoded back into
a sequence of specific tokens 29 for the decoder to render
an image. We explore two strategies for this decoding step:

Random Sampling (Default Strategy). This default strat-
egy leverages the high intra-cluster semantic consistency
guaranteed by the MASC construction. For each pre-
dicted coarse index 2!, we randomly and uniformly sam-
ple a fine-grained token from the corresponding cluster
{vilM(i) = 2zP}. Because all tokens within a MASC-
generated cluster are semantically similar, any choice is
a reasonable representative, leading to high-quality results
with a simple and efficient decoding step.

Hierarchical Decoding (Extended Strategy). For poten-
tially higher fidelity, we explore a two-stage hierarchical de-
coding approach, inspired by coarse-to-fine pipelines (Guo
et al., 2025). In this setup, a small, secondary refinement
network, Grefine, 18 trained. After the main model G predicts
a coarse index 2, Grefine takes the hidden state from G (as
context) and z? as input. Its task is to then predict the final
token by computing a probability distribution only over the
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Table 1. Comprehensive performance analysis on ImageNet 256 x 256. We compare LlamaGen Baseline, a naive prior with + k-means,
and our + MASC method across three model scales. MASC consistently improves efficiency, reduces the prediction task complexity, and

yields superior generation quality. Using a vocabulary of k = §,192

Model Efficiency Generation Quality

Modd Vethod Params  Accel.T FID | IST Precision / Recall T
LlamaGen-B LlamaGen Baseline 111M - 5.56 185.1 0.85/0.45
(111M) + k-means 94M 5.72 186.6 +05%)  0.83 /0.44

+ MASC (Ours) 94M +42 % 4.81 (-135%)  206.4 (+11.5%) 0.86 (+1.2%) / 0.48 (+6.7%)
LlamaGen-L. LlamaGen Baseline 343M - 3.38 246.3 0.83/0.51
(343M) +k-means 311M 3.81 221.2 0.77 10.55 (+7.8%)

+ MASC (Ours) 311M +55% 2.92 (-13.6%) 259.2 (+5.2%) 0.85 (+2.4%) / 0.57 (+11.8%)
LlamaGen-XL LlamaGen Baseline 775M - 2.87 267.6 0.82/0.55
(775M) + k-means 719M 3.09 244.3 0.76 10.56 (+1.8%)

+ MASC (Ours) 719M +57 % 2.58 (-10.1%) 272.1 (+1.7%) 0.83 (+1.2%) / 0.58 (+5.5%)

Table 2. Ablation on vocabulary size (k) with LlamaGen-XL

Method Vocab (k) FID| IST Accel.
Baseline 16,384 2.87 267.6 -

MASC 8,192  2.58 (-10.10%) 272.1 (+1.68%) +57%
MASC 4,096 2.49 (-13.24%) 269.8 (+0.82%) +63%
MASC 2,048  2.65 (-7.66%) 264.4 +71%

tokens within the constrained subspace of the predicted clus-
ter. This allows the model to first identify a semantically
correct region and then make a more precise, fine-grained
choice within it. The complete MASC construction process,
which serves as a one-time offline preprocessing step, is
detailed in Algorithm 1.

3.4. Empirical Verification of Semantic Coherence

To empirically validate that our manifold-aligned clusters
capture high-level semantics rather than low-level color
statistics, we present a Semantic Replacement Test in Fig-
ure 4. By randomly replacing image tokens with other
candidates from the same cluster, we observe that MASC
successfully preserves global structure and object identity,
whereas geometry-agnostic k-means leads to severe seman-
tic collapse and artifacts. This qualitative superiority is fur-
ther corroborated by the high textural coherence of MASC
cluster assignments (Figure 4e) and a significantly higher
intra-cluster semantic similarity score measured by DINOv?2.
We refer readers to Appendix B for the detailed experimen-
tal setup and extended analysis.

Accelerated Convergence. The simplified learning task nat-
urally leads to a more efficient training process. As shown
in Table 1 and visualized in Figure 8, MASC-enhanced mod-
els converge significantly faster by learning from a more
structured prediction target, achieving training accelerations
of up to +57% on the LlamaGen-XL model. Conversely,
the poorly structured prior from k-means impedes learning,
resulting in negative acceleration.

4. Experiments
4.1. Experimental Setup

Dataset. All experiments are conducted on the ImageNet-
1K benchmark (Deng et al., 2009) for class-conditional gen-
eration, with images resized to 256 x 256 pixels following
standard practice (Sun et al., 2024; Tian et al., 2024).

Evaluation Metrics. For Generation Quality, we report
FID (Heusel et al., 2018), IS (Salimans et al., 2016), Pre-
cision, and Recall (Kynkddnniemi et al., 2019). And we
evaluate Training Efficiency via Training Acceleration, the
percentage of epochs saved to reach the baseline’s final FID.

4.2. Main Validation: MASC on LlamaGen

Backbone Models and Baselines. We use the LlamaGen
(B, L, XL) family (Sun et al., 2024) for a controlled anal-
ysis. We compare three variants: the original LlamaGen
Baseline with a flat vocabulary of N = 16, 384 tokens; a +
k-means baseline using a vocabulary of k = 8,192 clusters
from standard k-means; and our proposed + MASC method,
trained on a k = 8,192 (default) vocabulary derived from
the MASC tree.

The core results of our study, presented in Table 1, demon-
strate that MASC provides a more effective codebook prior
than k-means, leading to measurable gains in task simplifica-
tion, training efficiency, and final generation quality across
all model scales.

Analysis of Prediction Uncertainty. The entropy metrics
in Table 1 provide direct evidence that MASC simplifies
the learning problem. Unlike the k-means prior, which fails
to reduce relative uncertainty, MASC enables significantly
more confident predictions, substantially reducing the Nor-
malized Prediction Entropy across all scales.

Enhanced Generation Performance. The structured pre-
diction space also translates to improved final generation
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Table 3. Performance of MASC-enhanced frameworks against the SOTA AR model on ImageNet. We evaluate MASC as a plug-and-play
module alongside k-means and Random Clustering controls to isolate the benefits of manifold-aligned structure.

Method Params Accel. Wall-clock (h) FID| ISt
ViT-VQGAN (Yu et al., 2021) 1.7B - - 4.17 175.1
Transfusion (Zhou et al., 2024) 700M - - 2.45 288.5
Infinity (Han et al., 2024) 2B - - 2.39 291.0
VAR-d24 (Tian et al., 2024) (Baseline) 1.0B - 520 2.09 312.9

+ Random (2k) 1.0B +7% 483 3.84 288.5

+ k-means (2k) 1.0B -12% 582 2.56 292.4

+ MASC (2k) 1.0B  +28% 374 1.98 (-5.26%) 311.4

+ MASC (1k) 1.0B +39% 317 2.24 303.8
RandAR-XL (Pang et al., 2025) (Baseline) 775M - 480 2.25 317.8

+ Random (8k) 775M +4% 461 4.12 282.4

+ k-means (8k) 775M -8% 518 2.62 298.1

+ MASC (8k) TI5M  +32% 326 2.02 (-10.22%) 320.5 (+0.85%)

+ MASC (4k) 7I5M  +41% 283 2.13 (-533%)  318.2 (+0.13%)

+ MASC (2k) TI5M  +49% 245 2.42 305.1
CTF-LlamaGen-L (Guo et al., 2025) (Baseline) 653M - 360 2.97 291.5

+ Random (8k) 653M +6% 340 4.65 265.4

+ k-means (8k) 653M  -10% 396 3.42 278.2

+ MASC (8k) 653M  +29% 255 2.51 (-15.49%) 296.9 (+1.85%)
TIAR-B (Hu et al., 2025) (Baseline) 111M - 152 5.14 202.0

+ Random (8k) 111M +5% 144 6.82 175.4

+ MASC (8k) 111IM  +21% 118 4.96 (-3.50%) 214.3 (+6.09%)
TAR-L (Hu et al., 2025) (Baseline) 343M - 296 3.18 234.8

+ Random (8k) 343M +5% 282 4.02 215.1

+ MASC (8k) 343M  +25% 225 2.97 (-6.60%) 267.3 (+13.84%)
TAR-XL (Hu et al., 2025) (Baseline) T75M - 467 2.52 248.1

+ Random (8k) 775M +5% 445 3.25 2354

+ MASC (8k) TISM +32% 340 2.35 (-6.75%) 284.3 (+14.59%)
Generalization on GigaTok-L (Xiong et al., 2025)
GigaTok-L (Baseline) 16k Voc. - 420 3.39 263.7

+ Random (8k) 8k Voc. +3% 407 5.14 232.1

+ k-means (8k) 8k Voc. -5% 441 3.67 259.8

+ MASC (8k) 8k Voc. +19% 340 3.35 (-1.18%)  263.5

+ MASC (4k) 4k Voc.  +42% 243 3.86 256.4

+ MASC (2k) 2k Voc. +51% 215 4.02 256.4

quality. By easing the learning burden, MASC allows the
model to better capture the data distribution. Consequently,
MASC-enhanced models consistently and significantly out-
perform both the vanilla and k-means baselines across all
key metrics. For instance, on the flagship LlamaGen-XL
model, MASC improves the FID from 2.87 to 2.58, while
also boosting both IS and recall. Furthermore, an analysis
of the precision-recall metrics reveals that MASC tends to
improve Recall more substantially than Precision. We at-
tribute this to the simplified task of predicting a coherent

semantic branch rather than a single token; this reduces
learning pressure and allows the model to better capture the
full diversity of the training data.

Impact of Vocabulary Size (k). We further investigate the
sensitivity of MASC to the cluster count k, which dictates
the granularity of the structured prior. While our main exper-
iments utilize k¥ = 8, 192 for parity with baselines, results
in Table 2 reveal that MASC demonstrates remarkable ro-
bustness at lower resolutions. MASC robustly achieves its
peak FID of 2.49 at k = 4,096, simultaneously boosting
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Table 4. Performance of MASC-enhanced frameworks against the SOTA AR model on ImageNet. We evaluate MASC as a plug-and-play
module alongside k-means and Random Clustering controls to isolate the benefits of manifold-aligned structure.

Method Params Accel. Wall-clock (h) FID| ISt
TAR-L (Hu et al., 2025) (Baseline) 343M - 296 3.18 234.8
+ Random (8k) 343M +5% 282 4.02 215.1

+ MASC (8k) 343M  +25% 225 2.97 (-6.60%) 267.3 (+13.84%)
Generalization on GigaTok-L (Xiong et al., 2025)
GigaTok-L (Baseline) 16k Voc. - 420 3.39 263.7

+ Random (8k) 8k Voc. +3% 407 5.14 232.1

+ k-means (8k) 8k Voc. -5% 441 3.67 259.8

+ MASC (8k) 8k Voc. +19% 340 3.35 (-1.18%)  263.5

+ MASC (4k) 4k Voc.  +42% 243 3.86 256.4

+ MASC (2k) 2k Voc.  +51% 215 4.02 256.4

Table 5. MASC acts as a convergence enabler for Advanced AR
Architectures. We evaluate MASC on RAR framework (Yu et al.,
2024). While RAR fails to converge when trained directly with
large-vocabulary tokenizers (LlamaGen/GigaTok, 16k tokens) due
to the immense search space, MASC enables stable training.

Setup Config (Vocab) FID] IST

Reference: RAR-L + MaskGIT 1.70 299.5
None (Original) N/A N/A

RAR-L +

LlamaGen MASC (2k) 1.67 300.5
MASC (4k) 1.61 304.1
None (Original) N/A N/A

RAR-L +

GigaTok MASC (2k) 1.64 302.8
MASC (4k) 1.57 307.4

training acceleration to +63%.

4.3. Generality and Application Extensions

We validate MASC'’s versatility and robustness beyond the
primary LlamaGen setup. The results in Table 4 and Table 5
confirm its effectiveness as a general-purpose, plug-and-play
module across diverse autoregressive paradigms.

Boosting Diverse AR Architectures. By re-introducing
intrinsic structure to the codebook, MASC significantly
boosts VAR (Tian et al., 2024), RandAR (Pang et al., 2025),
IAR (Hu et al., 2025), and CTF (Guo et al., 2025).

Enabling Convergence for Complex Objectives. Cru-
cially, MASC serves as a convergence enabler for advanced
architectures with immense search spaces. As detailed in Ta-
ble 5, the state-of-the-art RAR framework (Yu et al., 2024),
which employs random permutation objectives, fails to con-
verge when trained directly on large-vocabulary tokenizers
(16k) due to the unstructured prediction task.

Mechanism Behind RAR Stabilization. To further un-
derstand this effect, we compare different 4k target spaces

Table 6. Mechanism analysis for RAR convergence. Under the
same 4k target size, MASC yields lower prediction entropy, lower
gradient variation, and better FID, showing that semantic structure
matters beyond vocabulary reduction.

Target Space Norm. Entropy| Grad. CV] FID|
Random clustering (4k) 0.84 1.33 491
k-means clustering (4k) 0.79 1.07 4.24
MASC (4k) 0.63 0.61 1.61

under the same RAR setup in Table 6. Merely reducing the
output space is insufficient: random clustering and k-means
still lead to high prediction uncertainty and unstable gradi-
ents. In contrast, MASC produces semantically coherent
coarse targets, substantially reducing both normalized pre-
diction entropy and gradient-norm variation. This suggests
that the convergence benefit comes from the combination
of a smaller search space and a more structured semantic
target space, rather than vocabulary reduction alone.

Synergy with Strong Tokenizers. We further confirm
MASC’s robustness when applied to high-capacity tokeniz-
ers like GigaTok-L (Xiong et al., 2025). Results in Ta-
ble 4 show that MASC is not merely a fix for suboptimal
codebooks; even with GigaTok, MASC (k = 8,192) im-
proves FID to 3.35. This indicates that MASC’s geometric
clustering captures high-level semantic structures that are
complementary to the tokenizer’s representational quality.

Efficiency Gains. A unifying advantage of MASC is train-
ing acceleration across all evaluated frameworks. By trans-
forming the flat prediction task into a simplified structured
one, MASC reduces the learning burden, yielding accelera-
tions of +28% for VAR and +32% for RandAR.

4.4. Ablation Study about Clustering Strategy

To isolate the contributions of our two core innovations, we
conduct an ablation study presented in Table 7. The results
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Table 7. Expanded ablation study of MASC’s core components.
This table ablates the Clustering Strategy to dissect the contribu-
tions of our key innovations: the Manifold Distance and Bottom-
Up Construction.

Model Clustering Strategy FID| ISt
k-means++ 5.41 187.9
LlamaGen-B (111M) MASC w/ Centroid = 5.17 (-4.44%) 196.2 (+4.42%)
Full MASC 4.81 (-11.09%) 206.4 (+9.85%)
k-means++ 3.85 223.7
LlamaGen-L (343M) MASC w/ Centroid ~ 3.68 (-4.42%) 246.5 (+10.19%)
Full MASC 2.92 (-24.16%) 259.2 (+15.87%)
k-means++ 3.17 246.5
LlamaGen-XL (775M) MASC w/ Centroid  3.02 (-4.73%) 268.1 (+8.76%)
Full MASC 2.58 (-18.61%) 272.1 (+10.39%)

reveal a clear performance hierarchy across all model scales:
the density-driven construction alone (MASC w/ Centroid)
consistently outperforms the stronger k-means++ (Arthur
& Vassilvitskii, 2007) baseline. This confirms that both the
density-driven (bottom-up) construction and the manifold-
aligned similarity metric are critical, synergistic compo-
nents, essential to addressing the geometric and density
properties of the codebook.

5. Conclusion and Discussion

In this work, we address the inefficiency of the flat vo-
cabulary in autoregressive image generation. We introduce
MASC, a plug-and-play framework that constructs a density-
driven, hierarchical prior directly from the codebook’s ge-
ometry, thereby transforming the high-entropy task into a
structured prediction problem. Our evaluation demonstrates
that MASC is a universal booster which can adapt to vari-
ous tokenizers, establishing a new method for efficient and
scalable generative modeling.

Beyond immediate performance gains, our findings reveal a
critical insight: structuring the output space is not merely
an optimization trick but a prerequisite for scaling advanced
autoregressive paradigms. Notably, we discover that MASC
serves as a convergence enabler for complex architectures
like RAR (Yu et al., 2024); by organizing the immense
search space of large vocabularies, MASC renders the train-
ing of random-permutation models tractable where they
otherwise diverge. This implies that as the field moves to-
wards larger codebooks and non-raster generation orders,
the structural alignment between the tokenizer and the au-
toregressive model becomes as crucial as architectural inno-
vation. Furthermore, MASC points out an important avenue
for geometry-centric generative modeling, where the effi-
ciency of learning is governed by how faithfully the discrete
prediction hierarchy reflects the latent manifold density. Fu-
ture research may explore context-aware decoders to further
exploit this hierarchy or develop dynamic priors that adap-
tively reshape the prediction space during inference.
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A. Experimental Setup and Implementation Details

This section provides the detailed experimental configurations required to reproduce the results presented in this paper,
covering the hardware and software environment, training hyperparameters for the backbone models, parameter settings for
our proposed MASC algorithm and other baselines, and specifics of the evaluation metrics.

A.1. Hardware and Software Environment

All models were trained and evaluated on a server cluster equipped with 8 NVIDIA H100 80GB GPUs. We use PyTorch
v2.1.0 as our primary deep learning framework, accelerated with CUDA v12.1 and cuDNN v8.9. To ensure a
consistent experimental environment, we used Python v3.10.

A.2. Backbone Model Training Hyperparameters

For a fair comparison, all variants of LlamaGen (Sun et al., 2024) (Baseline, +k-means, and +MASC) followed the
original paper’s training configuration, adapted for different model scales. All models were trained for 300 epochs on the
ImageNet-1K (Deng et al., 2009) dataset. Detailed hyperparameters are provided in Table 8.

Table 8. Detailed training hyperparameters for the LlamaGen (B, L, XL) backbone models. These settings were uniformly applied to the
Baseline, +k-means, and +MASC methods to ensure a fair comparison.

Hyperparameter LlamaGen-B LlamaGen-L LlamaGen-XL
Model Architecture
Parameter Count (Baseline) 111M 343M 775M
Parameter Count (+k-means / +MASC) 94M 311M 719M
Optimizer
Optimizer AdamW AdamW AdamW
Betas (81, 82) (0.9, 0.95) (0.9, 0.95) (0.9, 0.95)
Epsilon (¢) 1x1078 1x1078 1x1078
Weight Decay 0.05 0.05 0.05
Learning Rate Schedule
Peak Learning Rate 1x107* 1x107* 2 x107*
LR Scheduler Cosine Annealing Cosine Annealing Cosine Annealing
Final Learning Rate 1x107° 1x107° 2x107°
Training Configuration
Training Epochs 300 300 300
Global Batch Size 256 256 512
Gradient Clipping 1.0 1.0 1.0

A.3. MASC and Baselines Hyperparameters

This section details the parameter settings for the clustering algorithms used to construct the codebook prior. All methods
operate on the codebook from the pre-trained VQ-VAE tokenizer of LlamaGen, which has a vocabulary size of N = 16, 384.

[leftmargin=15pt]

¢ MASC (Ours): Our method is primarily controlled by the target number of clusters, k. In all comparative experiments,
we set k = 8,192 to maintain an identical number of model parameters as the k-means baseline. The MASC algorithm
is deterministic as it involves no random initialization. The distance metric used is detailed in Equation (3) of the main

paper.

* k-means: We used the standard implementation from the scikit-1learn library. The target number of clusters
was set to k = 8, 192. For stability, we used a random initialization strategy (init='random’ ) and performed 10
independent runs, selecting the result with the lowest inertia. The maximum number of iterations (max_iter) was set
to 300, with a convergence tolerance (tol) of 1 x 1074
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* k-means++: As a stronger baseline to k-means, we also set k = 8,192. The only difference from the standard k-means
setup is the use of the k-means++ seeding strategy (Arthur & Vassilvitskii, 2007) (init='k-means++’). All other
parameters (max iterations, tolerance) remained the same.

A.4. Evaluation Details

To ensure a rigorous and comparable evaluation, we followed the standard procedures below:

[leftmargin=15pt]

* Generation Quality Metrics: We generated 50,000 samples in total for evaluation: 50 images for each of the 1,000
classes in the ImageNet 1K validation set. Fréchet Inception Distance (FID), Inception Score (IS), Precision, and
Recall were all calculated using the torch-fidelity library. The FID was computed against the widely-used
pre-calculated Inception-V3 feature statistics from the full ImageNet training set.

¢ Prediction Uncertainty Metrics: Prediction uncertainty is measured by the Shannon entropy of the model’s output
probability distribution P; at each generation step. For a vocabulary of size V (where V' = 16, 384 for the Baseline
and V' = 8,192 for +k-means/+MASC), the entropy is calculated as:

v
H(P,) == Py(i)logy Pi(i) (6)
i=1
The values we report are the average entropy across all generation steps (t = 1, ..., 256) for all images in the ImageNet
validation set. The Normalized Entropy is calculated as Hyorm = Hacrual/ l0go (V') to provide a fair comparison of task

complexity, independent of vocabulary size.

B. Algorithmic and Theoretical Analysis of MASC

This section provides a deeper analysis of the MASC algorithm, focusing on its computational complexity and the principled
motivation behind its core design choices, particularly the manifold-aligned distance metric.

B.1. Computational Complexity Analysis

The MASC framework is designed as a one-time, offline preprocessing step. While its asymptotic complexity is higher than
that of k-means, its deterministic nature and efficient implementation make it highly practical for typical codebook sizes.
We analyze its complexity below.

Let N be the number of tokens in the codebook, d be the embedding dimension, and k be the target number of clusters.

[leftmargin=15pt]

« Initialization (Distance Matrix Pre-computation): The first step of the algorithm is to compute the initial N x N
pairwise Euclidean distance matrix D. Calculating the distance between two d-dimensional vectors takes O(d) time.
Since there are () = O(N?2) pairs, the total time complexity for this step is O(N2d). This step also requires O(N?)

space to store the distance matrix.

* Iterative Merging Loop: The algorithm performs N — k merging iterations. In each iteration, the following operations
are performed:
[leftmargin=15pt, nosep]

1. Find Minimum Distance: The algorithm must find the minimum value in the current distance matrix to identify
the next pair of clusters to merge. A naive scan of the (upper-triangular part of the) matrix takes O(N?) time.

2. Update Distance Matrix: After merging clusters Cs- and Cy+ into a new cluster represented by index s*, we must
update the distances from this new cluster to all other active clusters C,,. As shown in Algorithm 1, this update is
performed efficiently in O(N) time by iterating through the remaining active clusters and applying the weighted
average formula, rather than recomputing all pairwise distances from scratch.
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Since finding the minimum distance is the computational bottleneck in each of the N — £ iterations, the total time
complexity for the merging loop is O((N — k)N?), which simplifies to O(N?3).

* Total Complexity: The overall time complexity of the optimized MASC algorithm is the sum of the initialization and
merging steps: O(N2d + N?3). Given that in practice N is often significantly larger than d (e.g., N = 16,384, d = 32),
the O(N?) term dominates. The space complexity is dominated by the storage of the distance matrix, resulting in
O(N?).

Comparison with K-means: The standard k-means algorithm has a time complexity of O(I - k- N - d), where [ is the
number of iterations. While this appears more favorable asymptotically, several practical considerations are important. First,
k-means is a heuristic algorithm sensitive to initialization, often requiring multiple runs to find a reasonable solution. In
contrast, MASC is deterministic and always yields the same optimal hierarchy for a given distance metric. Second, the cost
of MASC is a one-time, upfront computational investment. For a typical codebook size of N = 16, 384, our optimized
implementation runs in under a minute on a single modern GPU, a negligible cost when compared to the hundreds of
GPU-hours required for training the main autoregressive model. This makes MASC a highly practical and efficient choice
for constructing a high-quality, stable, and reproducible codebook prior. This finding is consistent with prior work on similar
agglomerative clustering methods, which also report feasible runtimes for large codebooks.

B.2. Justification of the Manifold-Aligned Distance Metric

The choice of the distance metric in Equation (3) is a cornerstone of MASC’s design, intended to be a robust and principled
proxy for semantic similarity on the codebook manifold. This instance-based average distance, also known in hierarchical
clustering literature as the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) or average-linkage, offers a
crucial advantage over centroid-based methods and other common linkage criteria.

As established in the main paper, centroid-based distances are ill-suited because centroids are often off-manifold and
Euclidean distance is a poor approximation of the true geodesic distance on the manifold (Beyer et al., 1999; Huh et al.,
2023). Our metric is centroid-free by design. To further justify its selection, we compare it against two other common
centroid-free linkage criteria used in hierarchical clustering:

[leftmargin=15pt]

* Single-linkage (MIN): This metric defines the distance between two clusters as the minimum distance between any
two points in the respective clusters, i.e., D(Cs, C;) = miny, cc, v,ec, [|[vi — v;||2. While computationally efficient,
single-linkage is highly susceptible to the chaining effect, where a few intermediate points can cause two otherwise
distant clusters to be merged (see Figure 7). This behavior is undesirable for our task, as it can lead to large, elongated,
and semantically diverse clusters, failing to capture the compact semantic groups we aim to model.

¢ Complete-linkage (MAX): This metric uses the maximum distance between any two points in the clusters, i.e.,
D(Cs, Cy) = maxy,cc, v ec, |vi — vjll2. It is the opposite of single-linkage and tends to produce very compact,
roughly spherical clusters. However, it is highly sensitive to outliers and may fail to correctly group elongated or
non-convex shapes that are nevertheless semantically coherent on the manifold.

* Average-linkage (MASC’s choice): Our chosen metric calculates the average distance between all pairs of points
across two clusters. It serves as a robust compromise between the extremes of single- and complete-linkage. By
considering the entire distribution of points within both clusters, it is less sensitive to outliers than complete-linkage
and less prone to the chaining effect than single-linkage. This formulation effectively measures the overall closeness of
two clusters, making it well-suited to identifying semantically coherent groups, even if they form non-spherical shapes
on the manifold. Its effectiveness in capturing discriminative priors for codebooks has been validated in related works.

In summary, the choice of average-linkage is a deliberate design decision to create a clustering hierarchy that is robust,
deterministic, and best reflects the underlying semantic structure of the codebook manifold by balancing compactness and
shape-invariance.
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(a) Single-Linkage (b) Average-Linkage (MASC)
Merges based on one close pair, Provides a robust measure
susceptible to the chaining effect. of inter-cluster similarity.

Figure 7. A conceptual illustration of linkage criteria. (a) Single-linkage may incorrectly merge two distinct semantic groups if they are
connected by a bridge of a few close points. (b) Average-linkage, as used in MASC, considers the overall distribution of points and is
more robust, correctly identifying distinct clusters.

Algorithm 1 Manifold-Aligned Semantic Clustering (MASC) Construction

Require: Codebook embeddings Z = {v1,...,vx} € RVN*4 target number of clusters k.
Ensure: A mapping M : {1,..., N} — {1,...,k} from token indices to cluster indices.
0: {Initialization}
Initialize N active clusters, C; <— {v;}, and their sizes, |C;| < 1,forj =1,...,N.
Pre-compute the full N x N pairwise Euclidean distance matrix D, where Dg; = ||vs — v¢]|2.
Set diagonal elements D¢ <— oo to prevent self-merging.
{Bottom-Up Hierarchical Construction}
fori < 1to N —kdo
Find the pair of active clusters with the minimum distance: (s*,t*) <=5 Dg;.
{Update distance matrix efficiently using a weighted average}
for each remaining active cluster C', where u # s*,t* do
D,. , + 1% Il‘jcﬁllg: IlD"*’“ i Dy < Dy
end for
{Update cluster size and deactivate the merged cluster Cy- }
|Cx| = |Csx| + |Cix].
Set row and column t* of D to oo.
Keep track that all original tokens from cluster C';« now belong to cluster Cs-.
end for
{Final Mapping Construction}
The remaining k active clusters form the final coarse vocabulary.
Assign a unique index from {1, ..., k} to each of the final k active clusters.
Construct the mapping M by assigning each original token v; to its final cluster index.
return The mapping M. =0

PRI

C. Extended Experimental Results and Analyses

This section expands upon the experimental results presented in the main paper. We provide detailed analyses, including
qualitative visualizations of cluster coherence, ablation studies on key hyperparameters, and a deeper look into the effects of
different decoding strategies. These results collectively offer a comprehensive validation of the MASC framework.

C.1. Ablation Study on the Number of Coarse Clusters (k)

The number of coarse clusters, k, is a critical hyperparameter that balances the trade-off between simplifying the prediction
space and preserving sufficient visual information. A small k results in large, semantically broad clusters, leading to a loss of
detail (high intra-cluster variance). A large k approaches the original flat vocabulary, diminishing the benefits of clustering.
We performed an ablation study on k using the LlamaGen-L backbone. The results in Table 9 show that performance peaks
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around k£ = 8, 192. This configuration provides a significant reduction in vocabulary size while retaining enough granularity
for high-fidelity image generation, justifying its use as our default setting.

Table 9. Ablation study on the number of clusters (k) for MASC, evaluated on the LlamaGen-L model. Performance generally improves
as k increases, but the gains diminish while the model size and prediction complexity grow. We select k = 8,192 as it offers the best
balance of performance, efficiency, and task simplification.

k #Params Norm. Entropy| FID| IST Recall t

2,048 298M 0.11 4.15 2314 0.52
4,096 305M 0.12 337 250.1 0.55
8,192 311M 0.14 292 259.2 0.57
12,288 327TM 0.16 290 2615 0.57

C.2. Ablation Study on Inference Decoding Strategy

As described in Section 3.3, we primarily use a simple and efficient Random Sampling strategy for decoding the generated
coarse cluster indices into fine-grained tokens. We also proposed an extended Hierarchical Decoding strategy that employs a
small refinement network. Here, we analyze the trade-offs between these two approaches. The refinement network is a
single-layer Transformer decoder with 4 attention heads and an embedding dimension of 512, adding approximately 25M
parameters.

Table 10 shows that while the learned Hierarchical Decoding strategy provides a marginal improvement in generation quality
(a 0.05 reduction in FID), it comes at the cost of additional parameters and a slight decrease in inference speed. The strong
performance of the default Random Sampling strategy underscores the high semantic consistency of the clusters produced
by MASC. Any token within a cluster serves as a good representative. This makes Random Sampling an excellent default
choice, offering a compelling balance of simplicity, efficiency, and high performance.

Table 10. Comparison of decoding strategies for LlamaGen-L + MASC. Hierarchical Decoding offers a slight fidelity gain at the cost of
increased model size and reduced inference speed.

Decoding Strategy Add. Params Speed (img/s) FID| ISt
Random Sampling (Default) oM 8.71 292 259.2
Hierarchical Decoding +25M 8.25 2.87 260.8

D. Empirical Analysis

To rigorously verify the core hypothesis of MASC, we conducted a series of comprehensive empirical analyses. These
experiments go beyond standard generation metrics to directly probe the internal coherence of the constructed clusters.

D.1. Semantic Replacement Test

We propose the Semantic Replacement Test to evaluate the semantic consistency within clusters. The intuition is straight-
forward: if a cluster truly groups semantically similar tokens , then replacing a token in an image with another random
token from the same cluster should preserve the overall semantic structure and texture of the image, despite potential loss of
high-frequency details. Conversely, if a cluster is incoherent (grouping visually unrelated tokens), such replacement would
introduce significant noise and semantic artifacts.

Experimental Protocol: For each image token z;, we replaced it with a token z; randomly sampled from the same cluster
C}, assigned by either k-means or MASC. We then decoded the perturbed token sequences back into images and measured
the reconstruction quality using rFID, PSNR, and SSIM against the original images.

Results: As shown in Table 11, MASC significantly outperforms k-means and k-means++ across all metrics. Notably,
MASC achieves a much lower rFID and higher SSIM, indicating that the substituted tokens are perceptually and structurally
much closer to the originals. This confirms that MASC clusters maintain a high degree of semantic interchangeability,
whereas k-means clusters often group unrelated tokens, leading to destructive artifacts upon replacement.
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Table 11. Image reconstruction performance with replaced tokens. We replace image tokens extracted by the tokenizer with random
tokens from the same cluster. MASC demonstrates significantly less performance degradation, indicating higher intra-cluster semantic
consistency.

Method Vocab. (k) ‘ rFID | PSNR{ SSIM*t
No Replacement 16,384 ‘ 2.26 21.03 0.542
w/ k-means 8,192 4.45 19.02 0.452
w/ k-means++ 8,192 4.17 19.29 0.469
w/ MASC (Ours) 8,192 2.92 20.49 0.513
w/ k-means 4,096 8.41 18.37 0.431
w/ k-means++ 4,096 8.17 18.52 0.439
w/ MASC (Ours) 4,096 6.73 19.62 0.473

Qualitative Visual Analysis: We visually examine the impact of token replacement in Figure 4 (a-c).

¢ K-means Replacement (Fig. 4b): The image suffers from severe semantic noise and artifacts. For instance, the
astronaut’s face is corrupted with unrelated textures. This indicates that k-means clusters group visually disparate
tokens simply because they share similar average color values.

* MASC Replacement (Fig. 4¢): In stark contrast, MASC replacement preserves the global structure, object identity,
and local textures. Although high-frequency details are naturally smoothed due to random sampling, the semantic
content remains intact—the face looks like a face, and the suit retains its material appearance.

D.2. Visualizing Cluster Assignments

To further demystify the clusters, we directly visualize the image patches corresponding to tokens within a single cluster.

¢ MASC Clusters (Fig. 4e): MASC demonstrates remarkable semantic purity. The visualized cluster consistently
groups patches with specific textures, proving that our density-driven metric successfully captures the underlying
manifold structure of visual features.

¢ K-means Clusters (Fig. 4f): K-means clusters exhibit semantic confusion. As k-means relies on Euclidean distance to
centroids, it groups patches with similar average colors into the same cluster, ignoring their distinct structural semantics.

D.3. Quantitative Semantic Consistency

Finally, we quantify the semantic homogeneity using DINOv2, a vision foundation model known for capturing high-level
visual semantics. We computed the pairwise cosine similarity of DINOv2 features for tokens within the same cluster.
Figure 4(d) shows that MASC clusters achieve a significantly higher median intra-cluster cosine similarity compared to
k-means. The tighter distribution and higher mean score quantitatively validate that MASC groups tokens that are aligned in
a deep semantic space, not just in pixel space.

E. Additional Evaluation Metrics.

To quantify Prediction Uncertainty, we employ Shannon entropy, defined as H(P;) = — Zy:l P,(i) logy P;(i), on the
model’s output distribution P;. We report both the average entropy and a normalized version, Hporm = Hacwal/ logs(V), for
a vocabulary-size-agnostic comparison.
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Table 12. Prediction Uncertainty analysis (Entropy) on ImageNet 256 x 256. Comparison of Baseline, k-means, and our MASC method.

Model | Method | Pred./Norm. Entropy
LlamaGen Baseline 2.81/0.20
(Lll';“fll\‘;l?en'B + k-means 2.72/021
+ MASC (Ours) 1.90/0.15
LlamaGen Baseline 2.65/0.19
(L;Zgﬁ?e“ + k-means 2.58/0.20
+ MASC (Ours) 1.82/0.14
LlamaGen Baseline 2.58/0.18
1‘71;‘;“&()}6“')““ + k-means 2.51/0.19
+ MASC (Ours) 1.75/0.13
me ° Lli:ma?el? Baseline —> 14 LlamaGen Baseline
<" o 2 o e
@ e g
8 230 o = 10
m 220 _) 5
= =1 =
,g 210 = S &
? v fcceleration '.E 4 dcceleration
L LlamaGen Baseline as 2 =
— ase P
170 .y Ton 120 v p—v 77 30 50 100 150 200 250 300 0 s 50 T00 150 200 250 300
Training Epochs Training Epochs Training Epochs

Figure 8. Training dynamics of LlamaGen-L on ImageNet. The plots compare the IS (left, higher is better), FID (middle, lower is better)
and Prediction Entropy (right, lower is better) scores over training epochs for the Vanilla baseline, the + k-means variant, and our + MASC
method. This visualizes the training acceleration benefit of operating in a low-entropy prediction space.

F. Additional Generated Samples

To further showcase the generation capabilities of our MASC-enhanced model, Figure 9 presents a broader gallery of
generated images. These samples were generated using the LlamaGen-XL + MASC model, with a Classifier-Free Guidance
(CFGQG) scale of 2.5, which we found to produce visually pleasing results. The images span a wide range of ImageNet
classes, including animals, objects, food, and scenes, demonstrating the model’s ability to generate diverse, high-fidelity,
and compositionally sound images.
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Figure 9. Additional samples generated by LlamaGen-XL + MASC.

19



