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Abstract

Masked image generation (MIG) has demonstrated remark-
able efficiency and high-fidelity images by enabling paral-
lel token prediction. Existing methods typically rely solely
on the model itself to learn semantic dependencies among
visual token sequences. However, directly learning such se-
mantic dependencies from data is challenging because the in-
dividual tokens lack clear semantic meanings, and these se-
quences are usually long. To address this limitation, we pro-
pose a novel Knowledge-Augmented Masked Image Genera-
tion framework, named KA-MIG, which introduces explicit
knowledge of token-level semantic dependencies (i.e., ex-
tracted from the training data) as priors to learn richer rep-
resentations for improving performance. In particular, we ex-
plore and identify three types of advantageous token knowl-
edge graphs, including two positive and one negative graphs
(i.e., the co-occurrence graph, the semantic similarity graph,
and the position-token incompatibility graph). Based on three
prior knowledge graphs, we design a graph-aware encoder to
learn token and position-aware representations. After that, a
lightweight fusion mechanism is introduced to integrate these
enriched representations into the existing MIG methods. Re-
sorting to such prior knowledge, our method effectively en-
hances the model’s ability to capture semantic dependencies,
leading to improved generation quality. Experimental results
demonstrate that our method improves upon existing MIG for
class-conditional image generation on ImageNet.

Code — https://github.com/GuotaoLiang/KA-MIG

Introduction

Class-conditional images are a fundamental task in gen-
erative modeling, which aims to synthesize realistic im-
ages conditioned on given semantic class labels. Tradi-
tional methods are mainly based on generative adversar-
ial networks (GANs) (Brock, Donahue, and Simonyan
2018; Sauer, Schwarz, and Geiger 2022; Kang et al. 2023)
which have achieved impressive visual quality and class-
conditional controllability. In recent years, inspired by next-
token prediction in natural language processing (Vaswani
et al. 2017), the autoregressive generation paradigm based
on discrete tokens has emerged as a promising alternative
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Figure 1: Motivation and framework overview. (a) The train-
ing pipeline of Masked Image Generation (MIG). (b) The in-
ference process in MIG, where existing works primarily fo-
cus on improving sampling quality. (c) Our proposed frame-
work incorporates external prior knowledge graphs to learn
richer representations for enhancing MIG.

(Razavi, Van den Oord, and Vinyals 2019; Esser, Rombach,
and Ommer 2021; Sun et al. 2024). However, these methods
often suffer from slow sampling and degraded image quality
due to the long visual token sequences.

Recent advances in masked image generation (MIG)
frameworks, such as MaskGIT (Chang et al. 2022), formu-
late image synthesis as a parallel decoding process that it-
eratively predicts masked tokens. This approach achieves a
favorable trade-off between sampling speed and quality, and
has become a representative paradigm in token-based im-
age generation. However, it still underperforms recent well-
developed diffusion-based models (Rombach et al. 2022).
To address this, many novel methods have been proposed to
improve the generation performance, including introducing
criticism or correction strategies (Lezama et al. 2022a,b), or
proposing self-guidance sampling method (Hur et al. 2024),
or devising a more uniform sampling strategy (Besnier et al.
2025). While these approaches have made notable progress,
they primarily focus on refining the decoding strategy, leav-
ing the intrinsic representation and modeling capacity of
MaskGIT itself largely underexplored.

Existing methods mainly rely on transformer itself to
learn visual token dependencies. However, directly learn-
ing such semantic dependencies from training data is chal-
lenging for two main reasons. First, individual tokens lack
clear semantic meaning, making it difficult for the model



to interpret or relate them effectively. Second, visual token
sequences are typically long (e.g., 256 tokens per image),
which hinders the capture of complex relations and leads to
training inefficiencies and unstable generation performance.

Motivated by the above limitation, we propose a novel
Knowledge-Augmented Masked Image Generation frame-
work, called KA-MIG. The novelty lies in leveraging prior
semantic knowledge graphs (i.e., token-level relations) to
guide the learning of richer token representations for im-
proving generation performance. However, as mentioned
above, each token lacks interpretable semantics in the
dataset, making it difficult to obtain such knowledge graphs.
To handle this, we adopt a data-driven approach to uncover
latent structural regularities from large-scale training data.
Its advantage lies in its efficiency and compatibility, as it re-
quires neither external annotations nor manually designed
rules. Follow this, we construct three types of advantageous
token knowledge graphs, consisting of two positive priors
and one negative prior: 1) co-occurrence graph, which cap-
tures frequent co-appearances of token pairs and reflects
latent spatial-semantic correlations; 2) semantic similarity
graph, which identifies tokens with analogous meanings in
the context of image synthesis; 3) position-token incompat-
ibility graph, which captures negative prior, identifying to-
kens that are incompatible with certain spatial locations con-
ditioned on class labels. The incompatible means that tokens
that have never appeared at that position. For example, in
the “airplane” class, tokens representing ground or grass tex-
tures seldom occur in the upper-middle image region, as that
space is predominantly occupied by the airplane body or sky.
Building on these graphs, a lightweight fusion framework is
introduced to integrate the enriched prior knowledge into the
existing MIG methods. More specifically, for positive pri-
ors, we inject the prior features into each layer of the trans-
former in an additive manner. Different from positive priors,
negative prior knowledge is incorporated using a subtractive
manner. This simple yet effective fusion scheme guides the
model towards capturing richer semantic dependencies and
spatial constraints without introducing significant computa-
tional complexity.

The contributions of this work are summarized as follows:

¢ Unlike existing works that focus on improving sampling
strategies, we propose a novel knowledge-augmented
masked image generation framework, named KA-MIG,
which leverages prior semantic knowledge graphs to en-
rich internal token representations and improve genera-
tion performance.

* We systematically construct three types of advantageous
token knowledge graphs, consisting of two positive pri-
ors and one negative prior, i.e., co-occurrence graph, se-
mantic similarity graph, and position-token incompati-
bility graph. Resorting to such prior knowledge, we in-
troduce a lightweight additive—subtractive fusion mech-
anism to effectively integrate both positive and negative
knowledge into the existing framework.

» Extensive experiments show that KA-MIG significantly
enhances the generation performance of existing MIG
models, demonstrating its effectiveness and versatility.
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Related Works

Image generation, the task of synthesizing realistic im-
ages from noise or structured inputs, has long been a core
challenge in computer vision. Generative adversarial net-
works (GANSs) initially dominated image generation re-
search (Goodfellow et al. 2014; Brock, Donahue, and Si-
monyan 2018). Despite their success, GANs suffer from
training instability, mode collapse, and difficulty in model-
ing diverse data distributions (Sauer, Schwarz, and Geiger
2022; Kang et al. 2023; Miyato et al. 2018). Motivated by
this limitation, diffusion-based models (Dhariwal and Nichol
2021; Rombach et al. 2022; Han et al. 2025) and roken-
based models (Esser, Rombach, and Ommer 2021) have
recently emerged as powerful alternatives. Diffusion-based
models formulate image generation as progressive denoising
process, starting from pure Gaussian noise and learning to
reconstruct images through a series of iterative refinements.

Instead of directly generating pixel values, token-based
models first rely on vector quantization techniques (Van
Den Oord, Vinyals et al. 2017) to compress continuous
images into sequences of discrete tokens, and then learn
to model and generate these token sequences. Two pri-
mary prediction paradigms exist: autoregressive and non-
autoregressive approaches. Autoregressive models gener-
ate tokens sequentially, i.e., predicting next token based on
previously generated tokens (Esser, Rombach, and Ommer
2021; Guotao et al. 2024; Liang et al. 2025).

Non-autoregressive models, i.e., masked image genera-
tion, generate multiple tokens per step, enabling parallel de-
coding. A representative work is MaskGIT (Chang et al.
2022), which predicts the entire token map in parallel and
iteratively refines it using confidence-based masking. This
results in significantly faster inference with competitive gen-
eration quality. However, it still underperforms recent well-
developed diffusion-based models. Unfortunately, efforts to
improve its performance remain relatively limited. Existing
works focus on improving the inference sampling strategy.
For example, training a critic or correctors post-hoc to cor-
rect tokens with intermediate decoding errors (Lezama et al.
2022a,b). Some works (Ni et al. 2024a,b) attempt to directly
optimize training and sampling hyper-parameters to obtain
better performance. Inspired by the self-guidance approach
in diffusion models, SG-MGM (Hur et al. 2024) adapts the
self-guidance approach to Masked Image Generation (MIG)
to address the multi-modality problem (Gu et al. 2017).
A recent work (Besnier et al. 2025) argues that the confi-
dence scheduling strategy of the MaskGIT method impacts
the generated images’ diversity and quality, and proposes
a new sampling strategy based on Halton low-discrepancy
sequence (Halton and Smith 1964), which can reveal new
tokens more uniformly.

Unlike prior methods that mainly refine the decoding
strategy, our approach focuses on improving model’s inter-
nal representation capacity by modeling richer semantic de-
pendencies among tokens. We identify three types of advan-
tageous token knowledge graphs and propose a lightweight
additive—subtractive fusion mechanism to integrate prior
knowledge into the existing framework effectively.
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Figure 2: The illustration of our proposed KA-MIG framework. We first construct three types of prior knowledge graphs from
the training dataset, i.e., G, Gs, and Q;. These graphs are then fed into a graph-aware encoder to learn richer token- and
position-aware representations, i.e., C,, Cs, and P¢. Finally, the enriched prior representations are integrated into the existing
MIG framework through a lightweight fusion network.

Preliminaries: MIG Proposed Method: KA-MIG
Mask image generation (MIG) relies on a pre-trained VQ- Existing works attempt to refine sampling strategies to im-
VAE model (Van Den Oord, Vinyals et al. 2017) that com- prove generation performance, while ignoring a fundamen-
presses continuous images into a discrete token sequence. tal limitation that the model itself struggles to effectively
The VQ-VAE consists of an encoder F,,,, a quantizer ) with capture semantic dependencies among visual tokens because
a learnable codebook C, and a decoder D,,,. Given an image individual tokens lack clear semantic meanings. To address

this, we propose KA-MIG, a novel framework that intro-
duces explicit knowledge of token-level semantic dependen-
cies (i.e., extracted from the training data) as priors to guide
the learning of richer token representations. As illustrated in
Figure 2, our KA-MIG consists of three key steps, i.e., graph
construction, graph-aware encoder, and lightweight fusion
mechanism. Here, we elaborate on each step in order:

x € RIXWX3 the encoder and quantizer compress the im-
age into a discrete token sequence: Z = Q(Eyq(x)), Z =
[2:],, where z; is a specific entry in codebook, N is the
length of the sequence. The decoder is used to reconstruct
the original image based on Z. MIG aims to learn to gener-
ate reasonable discrete token sequences.

Training strategy. Give an external condition ¢, MIG first

samples a binary mask matrix M = [m;]N,. This token .S.tep 1: Grjaph Copstructiqn. Due to the.absence of ex-
z; is replaced by the special token [MASK] if m; = 1, plicit semantic meanings assigned to individual tokens.m
otherwise z; will keep unchanged when m; = 0. MIG, a the dataset, this poses a challenge for us to construct prior
multi-layer bidirectional transformer py(-), is trained to re- knowledge graphs. To address this, we seek to uncover latent
store the masked tokens to clean tokens based on unmasked structural regularities in a data-driven manner. Specifically,
tokens. The training objective is to minimize the negative we construct three types of advantageous graphs, consisting
log-likelihood of the masked tokens: of two positive priors and one negative prior:

Co-occurrence Graph G, indicates that two tokens are

likely to co-occur in a local range, which reflects the latent

r _ 1 i | 2 1 spatial-semantic correlations. Such correlations have been
MIG B Z ogpo(zi | Zype)| - (D shown to be effective in graph learning (Nguyen et al. 2022)
and recommendation systems (Han et al. 2022). Specifically,
we construct a weighted, undirected token-to-token graph

Vi€e[1,N], m;=1

Generation strategy. MIG starts from a fully masked to- Geo- Each edge £ between token ¢ and token j records how
ken sequence and iteratively predicts all masked positions often the two tokens co-occur in a first-order local neigh-
in parallel. At each step, a subset of tokens with the highest borhood (i.e, vertical, horizontal, and diagonal directions)
confidence scores are selected and kept, gradually complet- within the training data. To reduce noise, we prune the graph
ing the sequence over multiple iterations. by removing low-frequency edges.
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Figure 3: Visualization of semantic similarity token via
reconstruction. Peak Signal-to-noise Ratio (PSNR) (Fardo
et al. 2016) measures the pixel-level similarity between two
images. The red box indicates the location of token (1013).
We compare three versions of the same image: (a) the orig-
inal reconstruction, (b) replacing token (1013) with its most
similar token (463) based on our similarity graph G, and (c)
replacing it with the least similar token (149). The percep-
tual fidelity of (b) supports the semantic closeness, while (c)
introduces noticeable degradation.

Semantic Similarity Graph G, indicates that two tokens
express similar semantics in the context of image synthesis,
which is akin to the definition of synonyms in natural lan-
guage. Its advantage is that it encourages the model to cap-
ture interchangeable token patterns and improve robustness.
However, constructing this graph is very challenging due to
the absence of explicit semantic meanings for individual to-
kens. To capture such patterns, we hypothesize that tokens
with similar positional distributions across a wide range of
images are likely to convey similar semantics. Based on this,
for each token, we construct a position distribution vector of
length IV, where each entry represents the frequency of the
token appearing at a specific spatial position in the train-
ing images. We then compute the Jensen-Shannon (JS) di-
vergence between position distribution vectors to quantify
token similarity. For each token, we retain the top two most
similar tokens to form a directed token-to-token graph G;. To
validate our approach, as illustrated in Figure 3, we replace
token (1013) with its most similar token (463) and its least
similar token (149), and input the modified token maps into
the decoder for image reconstruction. The results show that
replacing with token (463) yields no perceptible difference
from the original image, whereas token (149) significantly
degrades image quality.

Position-token Incompatibility Graph G, serves as a neg-
ative prior, by identifying tokens that are incompatible with
specific spatial locations under particular class labels. For
example, in the “airplane” class, tokens representing ground
or grass textures rarely appear in the upper-middle region
of the image, as the airplane body or sky typically occu-
pies that area. Incorporating such a negative prior helps the
model avoid implausible compositions, resulting in more se-
mantically consistent and spatially coherent image synthe-
sis. Specifically, for each class ¢, we construct a directed
position-to-token graph Gy, where each entry & = 1 de-
notes that token j is incompatible with spatial position i. To
construct this graph, we scan all training images of class ¢
and record tokens that never appear at each spatial location.

Step 2: Graph-aware Encoder After obtaining the prior

6820

graphs described above, our goal is to learn richer represen-
tations from them for injection into the generation process,
thereby enhancing image quality. To achieve this, we design
two distinct encoders to process positive and negative pri-
ors. For the positive priors G, and G, the goal is to learn
global token representations that reflect semantic dependen-
cies among tokens. To this end, we employ two graph convo-
lutional networks fy,, and fy,, to extract global token rep-
resentations, respectively:
CCO = f@w (gcoa 0)7
CS = f@s (g57 C)a

where C' is the codebook embedding.

For the negative prior, the objective is to learn position-
specific features that reflect which tokens are unlikely to oc-
cur at specific position. Specifically, given class ¢, for each
position p§, we collect the set of incompatible tokens Z; ;
from G, and compute its representation by averaging the
corresponding token embeddings:

p; = ! Z CiW,
1Zi.5 tET, ;

where C} is the embedding of token ¢ in the codebook C, W
is a learnable weight matrix. This yields a position embed-
ding P¢ € RV* that encodes negative spatial constraints.
Step 3: Lightweight Fusion Mechanism Considering that
existing MIG models have already captured rich knowledge
from large-scale training, it is crucial to carefully integrate
additional prior information so as not to interfere with the
learned representations. Motivated by this, a lightweight fu-
sion mechanism is proposed to solve this, as shown in Fig-
ure 2. Specifically, given class ¢, input masked sequence
Znr, and a pre-trained MIG, a fusion network is inserted
before the input of each transformer layer of MIG. For the
positive priors C., and C, we enhance the unmasked token
representations Z3; by additive operations at [-th layer:

Zlﬁ = Zlﬁ + fpﬁos (CCO[ZM]) + f}laos (CS [ZM]L (4)
where C,o[Z37] and Cg[Zg;] denote the unmask token
embedding retrieved from the global prior codebook em-
beddings, fpos(-) is a zero convolution mapping func-
tion (Zhang, Rao, and Agrawala 2023).

In contrast, for the negative prior P¢, we suppress the to-
ken features at each position by subtraction:

l l l
ZM = ZJW - afneg(Pc)v (%)
where fpeq(-) is also implemented as a zero convolution
function, « is a hyperparameter.

2

3)

Training and Generation

Following the above process, we adopt Equation 1 as the
training objective to optimize our model. Since the prior
knowledge is learned independently of the MIG framework,
the corresponding representations can be precomputed and
stored. During inference, only lightweight additive and sub-
tractive operations are performed, thereby incurring mini-
mal computational overhead. More detailed analysis can be
found in Section Ablation Study. This makes our method
both practical for real-world deployment and fully compati-
ble with existing MIG frameworks.
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Figure 4: Visualizations for sampling images on ImageNet-256 using selected classes (270: White wolf, and 96: Toucan).

Model Type ImageNet 256 x256

#Params Steps FID] ISt  Prect Rect
BigGAN-deep (Brock et al. 2018) GANs 112M 1 6.95 2245 0.89 0.38
GigaGAN (Kang et al. 2023) GANs  569M 1 345 2255 084 0.61
ADM (Dhariwal and Nichol 2021) Diff. 554M 250 10.94 101.0 0.69 0.63
CDM (Ho et al. 2022) Diff. — 8100 4.88 158.7 — —
LDM-4 (Rombach et al. 2022) Diff. 400M 250 3.60 247.7 — —
VQVAE-2 (Razavi et al., 2019) AR 13.5B 5120 31.11 45 0.36  0.57
VQGAN (Esser et al. 2021) AR 227M 256 18.65 804 0.78 0.26
LlamaGen-XI (Sun et al. 2024) AR T15M 576 2.62 2441 080 0.57
LlamaGen-XXI (Sun et al. 2024) AR 1.4B 576 234 2539 080 0.59
VAR-d20 (Tian et al. 2024) AR 600M 10 2.57 3026 0.83 0.56
VAR-d30 (Tian et al. 2024) AR 2.0B 10 1.92 3231 0.82 0.59
Token-Critic (Lezama et al. 2022a) MIG 422M 36 469 1745 0.76  0.53
DPC-light (Lezama et al. 2022b) MIG — 66 4.8 2490 0.80 0.50
DPC-full (Lezama et al. 2022b) MIG — 180 445 2448 0.78 0.52
MaskGIT-SAG (Hur et al. 2024) MIG — 12 335 259.7 081 0.52
MaskGIT-Halton (Besnier et al. 2025) MIG 705M 32 3.74 2795 0.81 0.60
MaskGIT (Chang et al. 2022) MIG 227TM 8 6.18 182.1 0.80 0.52
MaskGIT-KA (Ours) MIG 245M 8 5.69 1702 0.81 0.50
AutoNAT (Ni et al. 2024a) MIG 194M 8 2.68 278.8 — -
AutoNAT-KA (Ours) MIG 211M 8 245 2741 082 0.56
TiTok-b64 (Yu et al. 2024) MIG 177M 8 248 2147 — -
TiTok-b64-KA (Ours) MIG 194M 8 240 217.0 0.78 0.60
TiTok-s128 (Yu et al. 2024) MIG 177M 64 1.97 281.8 — —
TiTok-s128-KA (Ours) MIG 194M 64 190 2719 0.78 0.61

Table 1: Class-conditional image generation on ImageNet-256. Our method is marked with gray . We calculate FID-50K
following (Dhariwal and Nichol 2021). The best results are highlighted in bold. Diff: diffusion, AR: autoregressive.

Experiments
Experimental Settings

Benchmarks and Datasets. As our method is model-
agnostic, allowing it to be applied to different MIG archi-
tectures. Then, we choose MaskGIT (Chang et al. 2022),
AutoNAT (Ni et al. 2024a), and recently state-of-the-art
work TiTok (Yu et al. 2024) as our backbone networks.
We evaluate the effectiveness of our method in class con-
ditional generation using the ImageNet benchmark (Deng
et al. 2009). Due to AutoNAT and TiTok not having publicly
available checkpoints on 512x512, we only evaluated them
at 256 x256.

Evaluation Metrics. Following previous works (Dhariwal
and Nichol 2021; Chang et al. 2022; Ni et al. 2024a; Yu
et al. 2024; Hur et al. 2024), we adopt the standard Fréchet
Inception Distance (FID) (Heusel and Ramsauer 2017), In-
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ception Score (IS) (Salimans et al. 2016), Precision, and Re-
call (Kynkdinniemi et al. 2019) to evaluate the trade-off be-
tween sample fidelity and diversity.

Implementation Details. Our training and generation con-
figurations follow the backbone model with minor adjust-
ments to batch sizes, learning rates, and weight regulariza-
tion to obtain better performance. All knowledge graphs are
normalized. The fp,, and fp, are 3-layer GCNs with the
ReLU activation function. We freeze the backbone network
and only fine-tune the classification layer and the additional
parameters introduced by our method. More detailed exper-
imental settings can be found in the supplementary material.

Discussion of Results

ImageNet-256 In Table 1, we present a comparison of our
method against the state-of-the-art generative models and



Step FID] CLIP-Score 1
16 2227 25.58
16  21.01 26.10

MaskGen (Kim et al. 2025)
Ours

Table 2: Text-to-image generation on COCO-30K.

the backbone models on ImageNet-256. The comparison
models involve GAN-based, diffusion-based models,
recently proposed state-of-the-art autoregressive models,
and models with improved MIG sampling strategies. From
the results, we can obtain several key conclusions: 1)
Compared with the backbone models, our method consis-
tently enhances generation performance, demonstrating
both its effectiveness and versatility. This improvement is
attributed to the enriched internal representations brought
by incorporating prior semantic knowledge graphs, which
help the model better capture inter-token dependencies; 2)
Compared with MaskGIT-KA and AutoNAT-KA, the per-
formance improvement of TiTok-KA is relatively marginal.
This result is expected and reasonable. On the one hand,
TiTok uses a significantly shorter token sequence (64 or
128 tokens) than MaskGIT and AutoNAT (256 tokens).
Longer sequences entail more complex token interactions.
Then, integrating such prior knowledge is helpful to im-
prove the modeling ability in this aspect. This explains the
more substantial improvements observed on MaskGIT and
AutoNAT, supporting the validity of our core motivation.
On the other hand, despite TiTok’s compact design, our
method still yields consistent performance gains, further
demonstrating the generalizability and robustness of the
proposed approach. 3) Compared to GAN, Diff, and AR
generative models, our TiTok-s128-KA achieves the best
FID score, demonstrating the superiority of the proposed
approach. Moreover, the AutoNAT model achieves more
competitive performance after integrating our method. For
example, in FID, AutoNAT-KA achieves a score of 2.45,
outperforming LlamaGen-XL (2.62), VAR-d20 (2.57),
and TiTok-b64 (2.48). These results further validate the
effectiveness and general applicability of our method; 4)
Our method introduces only approximately 20 million addi-
tional parameters, demonstrating its lightweight design and
efficiency. Finally, we also provide a qualitative comparison
of image generation in Figure 4.

Text-to-image generation on MS-COCO. We further
evaluate the effectiveness of our method in the text-to-
image generation scenario, using the MS-COCO (Lin and
Maire 2014) benchmark. We select MaskGen (Kim et al.
2025) as our backbone. Since the G, is customized to
the class condition, we only incorporate G., and G into
MaskGen. The results are summarized in Table 2, which
demonstrates the effectiveness and versatility of our method.

Ablation Study

Are all three prior knowledge graphs both effective? To
investigate this, we conduct extensive ablation studies to
evaluate the individual and combined impact of the three
graphs. We use AutoNAT as the backbone model, and the
results are presented in Table 3. The results lead to several
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FID] ISt
@) Baseline (AutoNAT) 2.68 278.8
(ii) + G, 249  279.6
) +G, 2.51 2856
(iv) + Geo 251 2821
V) +Gs+G, 246 279.9
(vi) +Geo + Gp 2.46  280.7
(vil)  +Geo + Gy 248 2774
(viii) +Geo+Gs+ G, 245 274.1

Table 3: Ablation study of three graphs on ImageNet-256.
“+G.,” denotes introducing co-occurrence graph.

key observations: First, each graph plays a crucial role in
improving performance, which is reasonable because each
captures semantic dependencies among tokens from differ-
ent perspectives, thereby validating the rationale behind our
design. Second, by comparing (ii) to (iv), we observe that
Gs leads to the most significant performance improvement.
This can be attributed to its ability to guide the model to-
ward learning interchangeable token patterns, which helps
enhance the robustness and diversity of the generated results.
Third, compared to the use of individual graphs in (ii) to (iv),
combining any two graphs (i.e., (v) to (vii)) leads to further
performance gains. This indicates that the prior graphs are
highly complementary, contributing to richer and more di-
verse representations. Finally, comparing the results of (viii)
with those of (i) to (vii) shows that incorporating all three
graphs yields the best overall performance, further demon-
strating the effectiveness of our proposed approach.
Efficiency Analysis. As described above, our method is in-
dependent of the MIG framework, which means that graph
features can be precomputed to reduce computational over-
head. To demonstrate this, we conduct a detailed analysis
in Table 4 to evaluate the impact of different storage strate-
gies on model parameters and TFLOPs for the three graphs.
We compute the TFLOPs of the entire generation process
(excluding the VQ decoder) using an NVIDIA RTX 4090
GPU. “Computed Online” denotes that the prior graph fea-
tures are computed dynamically during inference, whereas
“Precomputed” indicates that the features are calculated of-
fline prior to inference and cached for reuse. Observed from
the results, compared to online computation, precomputing
the G., and G, introduces minimal additional parameters
(only +0.79M each) and virtually no extra TFLOPs, making
them highly suitable for pre-inference caching. In contrast,
G, introduces substantial storage overhead (+196M) due to
its class-conditional nature—each class must store its own
graph. To mitigate this, we compute G, online during infer-
ence, which incurs only a minor computational cost (+0.06
TFLOPs) while significantly reducing memory usage. This
hybrid configuration (marked with v" in the table) demon-
strates that our approach is not only effective but also practi-
cal for real-world deployment, offering a favorable trade-off
between performance and efficiency.

How is the token embedding space learned from our se-
mantic similarity graph? To examine whether our method
effectively captures semantic similarity relationships, we vi-
sualize the token embeddings learned from G using t-SNE,
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Figure 5: Visualization of token embeddings from (a) AutoNAT, (b) semantic similarity graph, and (c) co-occurrence graph.
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Figure 6: Visualizations for text-to-image.

as shown in Figure 5 (b). The results show that many nodes
form small clusters of two or three tokens, which aligns with
our graph construction strategy, where each node connects
to its top-2 most similar neighbors. More interesting, we ob-
serve that token (1013) is very similar to token (463) but is
far from token (149), which is consistent with the example
visualization in Figure 3. These observations demonstrate
that our graph effectively captures fine-grained semantic re-
lationships between tokens, further validating the rationale
and effectiveness of introducing the G;.

How is the token embedding space learned from our co-
occurrence graph? Following the above setting, we visual-
ize the token embedding learned from G, in Figure 5 (c).
The visualization shows that tokens form multiple coherent
clusters, indicating that tokens with strong co-occurrence re-
lationships are mapped close to each other. This confirms
that the graph effectively encodes meaningful semantic lo-
cality. Furthermore, low-frequency tokens (in red) are not
isolated but embedded among semantically similar neigh-
bors, demonstrating that rare tokens enable the learning of
meaningful semantics through contextual information.

Is G, effective in reducing positional bias? We conduct
a token prediction experiment to demonstrate that G, ef-
fectively improves the ranking of ground-truth tokens. We
randomly sample 10,000 images, apply random masking,
and input them into the model to predict the correspond-
ing ground-truth tokens. The results are presented in Ta-
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Storage Type =~ Computed Online Precomputed

Prior Graph Geo  Gs  Gp Geo Gs Gp
Extra Params +16M +16M +15M|+0.79M +0.79M +196M
Extra TFLOPs +0.09 +0.09 +0.06| ~0 ~0 ~0
Selected v v v

Table 4: Comparison of different storage and computation
strategies for the three proposed prior graphs. Our selected
configuration (marked with v") achieves a favorable trade-
off by precomputing lightweight graphs (G., and G;) to re-
duce runtime cost, while computing the heavier graph (G,)
online to avoid excessive memory consumption.

Mask Ratio NDCG@1001
AutoNAT 0.3 0.0282
+Gp 0.3 0.0284
AutoNAT 0.5 0.0288
+Gp 0.5 0.0289

Table 5: Comparison of NDCG@100 scores between the
baseline model (AutoNAT) and our method with G, under
different mask ratios. The results show that G,, improves the
ranking of ground-truth tokens.

ble 5, which shows that G,, improves the ranking of ground-
truth tokens. This aligns with the design motivation of G,,:
by identifying and suppressing tokens that are incompatible
with specific spatial positions under a given class label, the
model is better guided toward ranking true tokens higher.

Conclusion

In this work, we presented a novel Knowledge-Augmented
Masked Image Generation framework that leverages explic-
itly constructed token-level semantic prior graphs to learn
richer representations for improving performance. In partic-
ular, we uncover three types of advantageous token knowl-
edge graphs, consisting of two positive priors and one nega-
tive prior: co-occurrence, semantic similarity, and position-
token incompatibility graph. We also design a lightweight
additive-subtractive fusion mechanism to integrate these pri-
ors into the existing framework effectively. Extensive exper-
iments demonstrate the effectiveness and versatility of our
approach across multiple backbone models.
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