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Figure 1: Text-guided image inpainting results generated by our method Token Painter. It faithfully follows the prompt details
to fill the masked region while seamlessly connecting with the image context.

Abstract

Text-guided image inpainting aims to inpaint masked im-
age regions based on a textual prompt while preserving the
background. Although diffusion-based methods have become
dominant, their property of modeling the entire image in la-
tent space makes it challenging for the results to align well
with prompt details and maintain a consistent background.
To address these issues, we explore Mask AutoRegressive
(MAR) models for this task. MAR naturally supports image
inpainting by generating latent tokens corresponding to mask
regions, enabling better local controllability without altering
the background. However, directly applying MAR to this task
makes the inpainting content either ignore the prompts or be
disharmonious with the background context. Through analy-
sis of the attention maps from the inpainting images, we iden-
tify the impact of background tokens on text tokens during the
MAR generation, and leverage this to design Token Painter,
a training-free text-guided image inpainting method based
on MAR. Our approach introduces two key components:
(1) Dual-Stream Encoder Information Fusion (DEIF), which
fuses the semantic and context information from text and
background in frequency domain to produce novel guidance
tokens, allowing MAR to generate text-faithful inpainting
content while keeping harmonious with background context.

"Zhihui Li is the corresponding author.

(2) Adaptive Decoder Attention Score Enhancing (ADAE),
which adaptively enhances attention scores on guidance to-
kens and inpainting tokens to further enhance the alignment
of prompt details and the content visual quality. Extensive ex-
periments demonstrate that our training-free method outper-
forms prior state-of-the-art methods across almost all metrics.
Codes: https://github.com/longtaojiang/Token-Painter.

1 Introduction

Image inpainting (Li et al. 2022; de Jorge et al. 2024; Liu
et al. 2022; Dong, Cao, and Fu 2022) aims at filling masked
regions and keeping harmonious with context. With the
rapid development of text-to-image (T2I) generation (Esser
et al. 2024; Saharia et al. 2022; Sun et al. 2025; Liu et al.
2025), text-guided image inpainting has gained significant
attention. This task relies more on text prompts rather than
solely on image context, with approaches like Stable Dif-
fusion Inpainting (SDI) (Rombach et al. 2022; Ho and Jain
2020; Song et al. 2020) leading the field.

However, the diffusion-based text-guided inpainting faces
potential challenges. The property of diffusion models that
denoises the entire image in the latent space, causing the
structure of the inpainting region to be guided more by con-
text rather than text prompts (Manukyan et al. 2023; Hsiao
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Figure 2: Comparison of the inpainting process of diffusion
models (above) and our MAR-based method (below).

et al. 2024). This leads to the inpainting content either be-
ing poorly aligned with the prompt or lacking harmony due
to the conflict with context, resulting in low visual qual-
ity. Some methods like HD-Painter (Manukyan et al. 2023)
and FreeCond (Hsiao et al. 2024) have noticed these is-
sues and made training-free improvements based on SDI.
Other methods like BrushNet, PowerPaint (Zhuang et al.
2023; Ju et al. 2024), attempt to fine-tune stable diffusion
(SD) while adding more powerful guidance. Although these
methods show some improvement in text alignment, the
quality of inpainting content is still unsatisfactory. Further-
more, the generative property of denoising the entire image
also inherently disrupts the consistency of the background,
as shown in Figure 2. And simple blending operations (Ju
et al. 2024) hardly resolve issues such as lighting inconsis-
tencies or color mismatches, leading to noticeable seams.

Recently, Autoregressive (AR) models (Vaswani et al.
2017; Radford et al. 2018; Sun et al. 2024; Team 2024) have
garnered increasing attention in T2I generation. In AR mod-
els, each token in latent space corresponds to a part of the
image spatially, and unknown tokens are directly predicted
based on known tokens at each step during the generation
process. Compared to the joint denoising of all tokens in dif-
fusion, the property of AR increases the structural flexibility
of sub-regions, leading to better controllability of local con-
tent generation. But traditional AR models predict tokens
through a raster-order, limiting their applicability in image
inpainting, where the mask positions are typically random.
Recently, variants of AR models (Tian et al. 2024; Pang et al.
2025; Yu et al. 2025; Li et al. 2024) have emerged, among
which the mask autoregressive (MAR) (Li et al. 2024) stands
out. Unlike traditional AR models, MAR generates image
tokens at arbitrary locations, making it suitable for image in-
painting. In addition, MAR inherits the property of AR that
generates tokens at each step, not only making it have strong
local controllability for inpainting tokens, but also keeping
known background tokens unchanged during generation. As
shown in Figure 2, MAR is naturally suitable for inpainting.
Therefore, our work focuses on applying recent T2I MAR
model NOVA (Deng et al. 2024) with an encoder-decoder
architecture to text-guided image inpainting.

Our study starts by setting both text prompt and back-
ground tokens (T&B) as the input to generate the masked
region. However, the inpainting content ignores the text
prompt and relies solely on the context, as shown in Fig-
ure 3(a). Then, we only use the text prompt as input and dis-
regard all background tokens (T-only). Although the inpaint-
ing content follows the prompt this time, it is highly dishar-
monious with the surrounding context. To further investigate
the reasons for these failures, we visualize two types of self-
attention maps in the decoder stage for both approaches, as
shown in Figure 3(b). The results reveal that in the T&B
case, the attention scores of both types are dispersed to back-
ground regions, while in the T-only case, the attention scores
are concentrated within the inpainting region. Therefore, we
infer that in the T&B approach, the semantic information of
text tokens is overwhelmed by the context information of
background tokens during encoder interaction. In the T-only
approach, due to the lack of background tokens, the text to-
kens fully retain their semantic information, but the gener-
ated tokens are highly disharmonious with image context.

To address the above issues, we propose Token Painter,
a training-free text-guided image inpainting method based
on MAR. We design it at both encoder and decoder stages.
At the encoder stage, we present the Dual-Stream Encoder
Information Fusion (DEIF) module, which aims to produce
novel guidance tokens, i.e., the updated text tokens after en-
coder interaction. With those guidance tokens, the model
can generate inpainting content that follows the text prompt
and keeps in harmony with the image context. The module
first aligns the two rough guidance tokens from T&B and
T-only statistically, and then fuses them in the frequency do-
main via a modified Gaussian function. At the decoder stage,
we design the Adaptive Decoder Attention Score Enhanc-
ing (ADAE) module to further improve the prompt detail
alignment and the content visual quality. This module en-
hances the attention of inpainting tokens to guidance tokens
adaptively, and strengthens the attention interaction within
the inpainting region based on the property of MAR gen-
eration. Token Painter outperforms existing state-of-the-art
(SOTA) methods, including those models fine-tuned on in-
painting datasets. Contributions are summarized as follows:

* We improve the T2I MAR model specifically for the
text-guided image inpainting task, and conduct a detailed
analysis of MAR text-guided inpainting process, reveal-
ing the interactions between text tokens and background
tokens, as well as their impact on the inpainting content.

* We introduce the Dual-Stream Encoder Information Fu-
sion (DEIF) module to obtain novel guidance tokens that
guide MAR to generate inpainting content that follows
the text prompt while keeping harmonious with context.

* To further enhance the alignment of prompt details and
the visual quality of inpainting, we introduce the Adap-
tive Decoder Attention Score Enhancing (ADAE) mod-
ule, which adaptively enhances the attention scores.

* Token Painter is a training-free method based on the T2I
MAR model, yet it outperforms previous methods across
nearly all metrics, including SOTA, even though they are
based on models fine-tuned on inpainting datasets.



2 Related Work
2.1 Text-guided Image Inpainting

In recent years, many diffusion-based text-guided image in-
painting works (Nichol et al. 2021; Avrahami et al. 2023,
2022; Wang et al. 2023) have emerged. However, the prop-
erty of diffusion limits visual quality and prompt alignment
of these methods, and also disrupts background consistency.
There are some T2I MAR models (Chang et al. 2023; Bai
et al. 2024) that involve this task, but their naive approach
and model architecture including feature compression layers
lead to low-quality inpainting and inconsistent background.

2.2 Text-to-Image Generation

Diffusion and Autoregressive Models. Text-to-image gen-
eration, has been dominated by diffusion-based meth-
ods (Betker et al. 2023; Chen et al. 2023; Esser et al. 2024) in
recent years. However, as AR models (Fan et al. 2024; Sun
et al. 2024; Yu et al. 2022) gradually enter the field of visual
generation, it has been found that AR-based T2I models tend
to follow text prompts better to generate the corresponding
spatial structure. This is due to the higher independence be-
tween different image tokens in the AR models.

Mask Autoregressive Model. The classic AR model gener-
ates image tokens according to the raster-order, which con-
flicts with intuition. As a result, variants of AR models have
emerged, among which MAR models (Li et al. 2024; Chang
et al. 2022) stands out for its ability to generate tokens at ar-
bitrary positions. The T2I MAR models (Deng et al. 2024;
Chang et al. 2023; Bai et al. 2024) has also gained atten-
tion due to their superior text alignment. Considering visual
generation quality and background region consistency, we
choose the T2I MAR model NOVA(Deng et al. 2024) as
base model to achieve text-guided image inpainting task.

3 Analysis of MAR Model for Inpainting
3.1 Vanilla Solutions for MAR-based Inpainting

We firstly revisit the main generation process of the T2I
MAR model NOVA (Deng et al. 2024) with an encoder-
decoder architecture. Given a text prompt, the text encoder
converts it into the fixed-length text tokens 7" € RE*P_ The
model then initializes a group of unknown image tokens I €
RIXWXD “and divides them into V sets {S1, 52, ..., SV}.
Those sets are predicted in order based on text tokens and
known image tokens. This paradigm is written as:

\4
p(s', ...y =]]e(s" | T,8",...8"7 "), (D

where SV is a set to be predicted at v-th step, with U, S = I.
During this process, the text tokens 7" and the known image
tokens interact within the encoder, resulting in the updated
text tokens, i.e., guidance tokens Ty. The decoder then pre-
dicts the next set of image tokens mainly based on them.

To apply this paradigm to the text-guided image inpaint-
ing task, we make a simple modification. We label the set
of inpainting tokens I, € RN P as unknown, while keep-
ing the background tokens I;, € RM*P as predicted tokens,
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Figure 3: Comparison of vallia T&B and T-only approaches.
where M + N = HW . The modified paradigm is as follows:

K
p(S', ... SF) =] p(S* | T, 1, S, ... S¥7), (@
k

where S* is a set to be predicted at k-th step, with U, S* =
I,,. However, we find that the inpainting region generated by
this approach (T&B) does not follow the prompt at all, as
shown in Figure 3(a). The content seems to only rely on the
image context. Then we completely mask the background
tokens (T-only). The modified paradigm is as follows:

K

p(S177Sk):Hp(Sk |T,S1,...,Sk71). (3)
k

As shown in Figure 3(a), though the inpainting region fol-
lows the prompt now, it is disharmonious with context.

3.2 The Mechanism behind MAR Inpainting

To better understand the impact of the guidance tokens in
T&B and T-only approaches, we visualize two types of
attention maps for both, as shown in Figure 3(b). In the
T&B case, the attention scores of the guidance tokens are
distributed across the entire image, especially in the back-
ground. Meanwhile, the inpainting tokens show high simi-
larity with both themselves and the surrounding image con-
text. In the T-only case, the attention scores for both token
types are strictly limited to the inpainting region. Based on
these observations, we propose that in the T&B case, where
background tokens are fully visible and interact with text to-
kens during encoder stage, the semantic information in the
text tokens is overwhelmed by the context information. As a
result, the inpainting region generated under these guidance
tokens tends to align with image context. Conversely, when
background tokens are masked, the lack of context interac-
tion means the guidance tokens contain only semantic infor-
mation, leading to the disharmonious inpainting content.
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Figure 4: Overview of Token Painter, which includes the DEIF at encoder stage and the ADAE at decoder stage. DEIF produces
novel guidance tokens T that contain both text and context information through information fusion in frequency domain.
ADAE enhances two parts of attention map A to further improve prompt detail alignment and content visual quality.

4 Token Painter
4.1 Overview of Our Method

Overview of Token Painter is presented in the Figure 4. The
text prompt is converted into fixed-length text tokens 7.
Then a VQ-VAE encode the image to I. The mask is down-
sampled to M and multiplied with I to produce I; and un-
known I,. Next, we input those tokens to the MAR encoder
in the way of T&B and T- only to get T, and T}, and DEIF
module fuse them to get the novel guidance tokens Ty . It
is then fed into the decoder to guide the generation of the
inpainting region, with ADAE module adaptively enhancing
two parts of the attention map A. After repeating K times,
we decode latent tokens by VQ-VAE to obtain final image.

4.2 Dual-Stream Encoder Information Fusion

Dual-Stream Guidance Tokens. To obtain a guidance to-
kens that includes both semantic and context information,
we need to fuse the two rough guidance tokens, Ty, €
RL*P and T, € REXP, from the T&B and T-only ap-
proaches mentioned in Section 3. In practical application,
we find that Tg;, only needs to interact with the background
tokens surrounding the inpainting region, and it effectively
captures contextual information. Therefore, we use the mask
M € RHXWXL and its dilated version M, to choose the
background tokens for interaction. The process is as follows:

Iy =06 Mg—M)[:p-N,, )

where p is a proportionality coefficient and NN is the number
of inpainting tokens. Next, we feed the text tokens with the
known image tokens, as well as the text tokens alone, into
the MAR encoder for interaction. The process is as follows:

Ty, = ME(Concat(T, I}, I,,))[: L,:] € REXP,

5
T, = ME(T)[:,:] € RE*P, ©)

where C'oncat(-) means the operation of concatenation, and
ME(-) represents the interaction of encoder in MAR.

Adaptive Statistical Alignment. To better fuse Ty, and Ty,
in the frequency domain, we first need to align them statisti-
cally in the space domain, which involves normalizing both

Ty and T}y, then shifting them to a common distribution.
Since the alignment process must account for the statistics of
both semantic and context information of each instance, the
mean 7y and variance ( for the shift are adaptively obtained
in each instance, as described by the following equation:

vr=a-w(Te)+ (1 —a) uw(Te),
Cr=a-0(Tyw)+(1—a) o(Ty),

where p(-) represents the mean of tokens along L dimen-
sion, and o(-) represents the variance. a is a proportional
coefficient. Then we align Ty, and Ty as follows:

’r Typ — N(Tgb))
g = ( o(Tg) T
Tyr — 1(Tye
Ty =5 - (g a(Tgi)g )> + (s
Frequency Information Fusion. Inspired by (Kwon et al.
2024; Gao et al. 2024), we need to fuse the high-frequency
context style information from Tg’b with the low-frequency
semantic structure information from 7. We first transform
them into the frequency domain using fast fourier trans-
form (FFT) and shift their zero-frequency components to
the center of the frequency spectrum, i.e., at L/2, to obtain
Fy € REXD and Fy, € RL*P . Next, we use a modified
Gaussian function to fuse the two frequency spectra, yield-
ing F, ;. The entire process is illustrated below:

Mo =en (-2 )

For() =1 -MGQ1)) - Foo + MG(l) - Fge,  (9)

where M G(1) is the value of the modified Gaussian function

at position | € {0,1,...,L — 1}. ¢ and 7 are coefficients

used to control the shape. Afterward, we shift the F; to

the original frequency spectrum, and apply the IFFT to it to
obtain the novel guidance tokens 7, ; € REXD.

(6)

)

4.3 Adaptive Decoder Attention Score Enhancing

Adaptive Enhancement Coefficient. To further enhance
the prompt detail alignment and content visual quality, we



Dataset Methods IRx10T PSyi02T HPSy 02T AST PSNR1T LPIPS, ;03] SSIMxio1 CLIP-S1
SDI -8.72 41.90 21.39 3.79 24.47 28.70 8.50 24.39
HD-Painter -6.16 48.64 22.73 3.79 24.08 25.64 8.46 25.62
PowerPaint -5.11 50.13 22.94 3.86 24.45 25.69 8.69 26.05
EditBench BrushNet -7.50 46.37 22.45 3.80 22.71 30.73 8.31 26.14
FreeCond -7.13 47.16 22.90 3.88 22.38 36.88 8.13 25.15
Meissonic -6.66 47.02 22.70 3.90 22.24 35.66 8.31 24.31
Token Painter (Ours) -2.49 55.37 23.00 3.92 28.03 24.92 9.41 26.06
SDI 11.89 41.30 27.20 4.20 22.82 43.54 7.68 14.44
HD-Painter 10.81 37.25 26.96 421 20.98 49.34 7.61 14.37
PowerPaint 11.96 42.46 27.65 4.13 2343 51.46 7.96 14.45
BrushBench BrushNet 12.42 41.15 27.51 4.25 21.84 47.87 7.59 14.44
FreeCond 11.97 40.44 27.61 4.21 21.49 50.03 7.43 14.40
Meissonic 12.51 44.34 27.56 4.21 22.35 64.81 7.72 14.44
Token Painter (Ours)  13.01 47.90 28.36 4.22 26.39 42.27 8.78 14.46

Table 1: Quantitative results on the EditBench and BrushBench datasets. The best results and the second best results are marked
in bold and underline, respectively. Results are all re-evaluated based on the released code, models and setting.

apply adaptive enhancement to two parts of the attention
map. Since the size of the inpainting region varies across in-
stances, the enhancement coefficient must correspond to the
number of inpainting tokens. Inspired by (Jin et al. 2023), we
propose that this coefficient primarily depends on the differ-
ence in the number of tokens generated during the training
and inference stages. Therefore, we set this coefficient to
follow a logarithmic function that increases as the number
of inpainting tokens decreases, i.e., « = logy HW.

Guided Tokens Enhancement. In the stage of the MAR
decoder, guidance tokens Ty ; and all image tokens I are
concatenated together as input X € REHHW)IXD Thep
these tokens are projected as queries, keys, values, denoted
as Q, K,V € RLAHEW)XD' regpectively. And the attention

map is defined as A = % € RUEAHW)X(LAHW) Firgtly,

we enhance the attention of the inpainting region to guidance
tokens, allowing the inpainting content to better align with
prompt details. The enhanced attention map is as follows:
A = {OL>‘1 . A,J X; € Ip and Xj € Tgf,
* A;j otherwise,
where \; is a hyperparameter for the power of a.
Dynamic Inpainting Tokens Enhancement. Next, to fur-
ther enhance the inpainting visual quality, we need to
strengthen the interaction within the inpainting tokens.
Specifically, we enhance the attention scores of unknown
inpainting tokens [,,, € RN1XD to the predicted inpaint-
ing tokens [,,, € RM2%D where N7 + Ny = N. This aims
to enable the content of unknown tokens to be more guided
by the predicted tokens during the generation process. Un-
like guidance tokens, the number of unknown and predicted
tokens, i.e. N1 and N,, dynamically changes at each step.
Therefore, based on this property of MAR, we add an extra
coefficient § = logy, N1, which dynamically changes at
each step. The enhanced attention map is as follows:
A/‘A:{B/\g'aAz'Aij XiEIpl andeEIp2, an

where Ay and Ag is the hyperparameters for the power of
« and (. At the beginning of the generation, the number

(10)

otherwise,

of predicted inpainting tokens is small, so they are assigned
higher weights. As the number of predicted tokens gradually
increases, the weights gradually decrease. Specifically, since
there are no predicted tokens at the start of generation, we
enhance the attention scores of the entire inpainting region.

5 Experiments
5.1 Experimental Settings

Baseline. We select recent and competitive methods. SDI
is a model fine-tuned on random mask inpainting datasets
based on stable diffusion (SD) (Rombach et al. 2022). HD-
Painter (Manukyan et al. 2023) and FreeCond (Hsiao et al.
2024) are training-free improved methods based on SDI.
PowerPaint (Zhuang et al. 2023) and BrushNet (Ju et al.
2024) are fine-tuned on inpainting datasets derived from im-
age segmentation based on SD. Meissonic (Bai et al. 2024) is
a MAR model with feature compression layers that employ
the naive approach for text-guided inpainting. All diffusion-
based methods have been trained on inpainting datasets.
Evaluation Benchmarks. To fairly compare with these
methods, we adopt the two most commonly used text-guided
image inpainting benchmarks (Ju et al. 2024; Wang et al.
2023). First, we evaluate on EditBench, which has loose
masks for the inpainting objects. This dataset contains 240
carefully annotated images, with each caption providing a
detailed description of the object within the inpainting re-
gion. Unlike BrushNet, we use the richest captions of the
inpainting regions, rather than the annotations of entire im-
ages. Next, we evaluate on BrushBench, which contains 600
text-image pairs. Its captions describe the entire images, and
the masks are tight, similar to segmentation masks. These
two benchmarks provide a comprehensive evaluation of the
performance under different types of prompts and masks.
Evaluation Metrics. For the choice of metrics, we follow
the previous works (Manukyan et al. 2023; Ju et al. 2024),
considering three aspects: image visual quality, background
region consistency, and text alignment. First, we use met-
rics aligned with human preferences, including Image Re-
ward (IR) (Xu et al. 2023), HPS v2 (HPS) (Wu et al. 2023),
PickScore (PS) (Kirstain et al. 2023), and Aesthetic Score
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Figure 5: Qualitative results of our Token Painter with previous text-guided inpainting methods. The first three rows of samples
are from EditBench with loose masks, and the last three rows of samples are from BrushBench with tight masks.

(AS) (Schuhmann et al. 2022). Among these, Image Reward
(IR), HPS v2 (HPS), and PickScore (PS) require the text
prompt to compute the score, while Aesthetic Score (AS)
only needs the image. For PickScore, we input both the gen-
erated image and the original image, and calculate the aver-
age scores for the generated images. Next, for background
region consistency, we select Peak Signal-to-Noise Ratio
(PSNR) (Korhonen and You 2012), Learned Perceptual Im-
age Patch Similarity (LPIPS) (Zhang et al. 2018), and Struc-
tural Similarity (SSIM) (Hore and Ziou 2010) to measure
the similarity between the generated image and the original
image in unmasked regions. Finally, we use CLIP Similarity
(CLIP-S) (Wu et al. 2021) to evaluate the text alignment be-
tween the generated inpainting content and the text prompt.
unlike BrushNet (Ju et al. 2024), we crop the mask region to
compute the scores of alignment with the text prompt.

Implementation Details. To ensure the rigorism of the
evaluation, we re-evaluate all baseline methods on the two
benchmarks using the officially released code, settings, and
models. For fairness, all diffusion-based methods use 0.9B
parameter SD-1.5 or SDI-1.5 as base model, and Meissonic
use 1B model, while Token Painter uses NOVA-0.6B as
base model. All experiments in this paper are conducted on
NVIDIA L20 GPUs. In DEIF, the background ratio coeffi-
cient p is set to 1, the alignment coefficient a is set to 0.3,
and the coefficients controlling the function shape ¢ and 7
are set to 250 and 6. In the ADAE module, the hyperparam-
eters of exponents A1, Ao, and A3, are 0.3, 0.1, and 0.03.

5.2 Comparisons with State-of-the-Art

Quantitative Comparison. The Table 1 shows that To-
ken Painter demonstrates highly competitive results, achiev-
ing state-of-the-art results on almost all metrics across two
benchmarks. FreeCond and HD-Painter are training-free
methods improved upon SDI, showing better visual quality
on the loose masks of EditBench, while the visual quality of
these three methods is almost the same on the BrushBench
with tight masks. PowerPaint and BrushNet, based on SD
fine-tuning, perform well across baselines. However, due to
the inherent limitations of diffusion, they still lag behind
Token Painter in local generation visual quality and back-
ground consistency. Meissonic is also competitive, but its
naive approach and feature compression layers compromise
performance, especially in background consistency.

Qualitative Comparison. The qualitative comparison with
other inpainting methods is shown in Figure 5, with the ba-
sic SDI excluded due to space limitations. Token Painter
demonstrates exceptional performance in color, style, struc-
ture, and alignment with prompt details. In the first row,
Token Painter accurately follows the prompt details, while
Other methods either miss or mix elements. In the second
row, Token Painter is the only method that generates the
correct letter shapes, showcasing its superior local structural
control capability. In the sixth row, Token Painter completes
missing parts based on image styles, resembling a real paint-
ing. In other examples, Token Painter also shows significant
improvements in prompt detail alignment and visual content.
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Figure 6: Visualization of effects of each component. From
left to right, we progressively add each proposed component.

Components IRyx19 T PSyi02 T PSNR 1 CLIP-S 1

Baseline 4.23 19.47 26.26 6.42
+DEIF 12.41 44.26 26.35 14.42
+ADAE-G 12.76 46.28 26.27 14.45
+ADAE-I 13.01 47.90 26.39 14.46

Table 2: Effects of each component on BrushBench. ADAE-
G represents the guidance token enhancement, and ADAE-I
is the inpainting token enhancement.

5.3 Ablation Studies

Effects of Each Component. As shown in the Table 2 and
Figure 6, we use the T&B approach as the baseline, where
we keep both the background token and text token as in-
put. After adding DEIF, we observe a significant improve-
ment in model performance, particularly in image quality
and CLIP score. This is mainly because DEIF combines the
semantic information from the prompt with the context in-
formation from the background to generate novel guidance
tokens. After adding ADAE-G, the prompt detail alignment
of the inpainting content improves further, primarily due to
the increased attention of the inpainting region towards the
guidance tokens. We then add ADAE-I to enhance the in-
teraction within inpainting tokens, which leads to a further
enhancement in the visual quality. We notice that the PSNR
remains almost unchanged across different components, as
MAR does not alter background tokens during generation.
Effects of Frequency Fusion Function. Table 3 shows the
impact of different frequency fusion functions, all of which
are centered at L/2 and decrease symmetrically towards both
sides. First, we find that the simple linear function intro-
duces too much context information, leading to a decrease in
both image quality and alignment with the prompt. Next, we
try a constant function, which performs a 0-1 transformation
at L/4. While this simple approach improves prompt align-
ment, the crude frequency stitching results in unsatisfactory
visual quality. We then try a quadratic function, which em-
phasizes semantic information more, but the lack of high-
frequency context information limits further improvement in
visual quality. Finally, we adopt a modified Gaussian func-
tion, which preserves more semantic information in low-
frequency and more context information in high-frequency,
while smoothly transitioning at L/4. This results in improve-
ments in both visual quality and prompt alignment. PSNR
remains largely unchanged due to the MAR property.

<

a gold Llama
stanoling on a
red wat with
four oranges

A4

Az, 13

Figure 7: Effects of two types of power hyperparameters,
A1 and (A2, As), varying from 0.1 to 0.3 and (0.03, 0.01)
to (0.1, 0.03). The Ay primarily controls the prompt detail
alignment, while (A2, A3) enhance the content visual quality.

Functions IRx19 T PSyi102 T PSNR 1 CLIP-S t

Linear 12.52 44 .84 26.25 14.42
Constant 12.71 45.65 26.28 14.46
Quadratic 12.79 46.42 26.27 14.44
M-Gaussian 13.01 47.90 26.39 14.46

Table 3: Effects of different functions on BrushBench.

Effects of Hyperparameters of Power. The ADAE module
includes three hyperparameters, A1, Ay and A3, used to con-
trol the exponents of o and 3. These hyperparameters are
divided into two types. The parameter A; is used to enhance
the attention of inpainting tokens towards the guidance to-
ken. The parameters A, and A3 are used to increase the inter-
action with inpainting tokens. As shown in the Figure 7, the
inpainting region gradually incorporates more details from
the prompt as \; increases. When A, and A3 increase, the vi-
sual quality of the objects in the inpainting region improves,
and the structure becomes more coherent. However, in prac-
tical applications, we find that excessively large power val-
ues lead to distortion or even chaotic colors in inpainting
regions. This is likely due to the over-enhancement of atten-
tion scores, causing the attention mechanism to fail. There-
fore, we ultimately set Ay, A2, and A3 to 0.3, 0.1, and 0.03.

6 Conclusion

In this paper, we improve the T2 MAR model specifically
for the text-guided image inpainting task. After conduct-
ing analyses of the MAR generation process, we propose
a training-free framework, Token Painter. It introduces the
Dual-Stream Encoder Information Fusion (DEIF) module at
the encoder stage and the Adaptive Decoder Attention Score
Enhancing (ADAE) module at the decoder stage. Extensive
experiments show that Token Painter outperforms all pre-
vious methods, including SOTA methods, across nearly all
metrics. We hope that this work will promote the future de-
velopment of AR models in the image inpainting domain.
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1 More Baselines Comparison

Due to space limitations, we omit two classic text-guided
inpainting methods, Blended latent diffusion(BLD) (Avra-
hami et al. 2023) and ControlNet-Inpainting(CNI) (Zhang,
Rao, and Agrawala 2023) in the main paper. Here, we pro-
vide their quantitative evaluation results as a supplement, as
shown in Table 1. BLD is an early work that performs in-
painting by simple blending in the latent space, its straight-
forward approach results in poor performance. CNI applies
the ControlNet branch, originally designed to control fine
spatial structures in diffusion models, to the inpainting task,
injecting the masked image through ControlNet to preserve
the original background. Since it is also based on Stable
Diffusion 1.5 (Rombach et al. 2022), like Stable Diffusion
Inpainting (SDI), it achieves performance comparable to
SDI in terms of image quality and text alignment. However,
its coarse background injection leads to worse background
consistency compared to SDI. Compared with the above
two methods, our Token Painter outperforms both methods
across all metrics on both benchmarks.

It is worth noting that both Muse (Chang et al. 2023) and
Meissonic (Bai et al. 2024) involve in the text-guided image
inpainting task by native approaches that simply empty the
inpainting tokens. However, since Muse is a relatively early
work and, more importantly, not open-sourced, we report
only the results of Meissonic in the main paper. Given the ar-
chitectural similarity between Muse and Meissonic, and the
fact that Meissonic demonstrates competitive performance
compared to Muse in its paper, we believe that our Token
Painter is also likely to be more competitive than Muse.

2 Attention Maps after Token Painter

To further illustrate the impact of our Token Painter on the
generation process, we visualize two types of attention maps
after incorporating the two key components: the DEIF mod-
ule and the ADAE module, as shown in the Figure 1. After
adding the DEIF module, we observe that, compared to the
simpler T&B and T-only approaches, most of the attention
is concentrated around the inpainting region, with relatively
little attention on the background. This is because the DEIF
module fuses semantic and contextual information, enabling

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Visualization of two types of attention maps after
Token Painter. DEIF indicates that after adding the DEIF
module to the baseline, ADAE indicates that the ADAE
module has been further added.

the inpainting content to both follow the text prompt and
seamlessly connect with the surrounding context. As a re-
sult, the attention is reasonably distributed across the in-
painting region and the nearby contextual regions.

After adding the ADAE module, we observe that while
a small amount of attention remains on the background,
the attention further concentrates on the inpainting region,
particularly on the object region generated according to the
text prompt. This indicates that with the ADAE module, the
model focuses more on generating the object content within
the inpainting region, further enhancing both visual quality
and alignment with prompt details.

To visualize the attention maps, we extract the self-
attention maps from each layer of the decoder at step K,
when all tokens have been fully generated. Based on the
positions of the guidance tokens, i.e., the updated text to-
kens, and the inpainting tokens, we extract two correspond-
ing attention maps: using image tokens as queries and the



Dataset Methods IRx10T PSyxi02T HPS, 1021 AST PSNR?T LPIPS, 93 ) SSIMxio1T CLIP-S?
BLD -9.78 38.23 19.68 357 1852 79.53 7.09 24.00
EditBench CNI -9.72 39.42 21.28 385 2376 26.19 8.39 23.61
Token Painter (Ours)  -2.49 55.37 23.00 392 28.03 24.92 9.41 26.06
BLD 8.60 30.76 24.29 4.11 19.58 133.50 6.67 14.41
BrushBench CNI 11.56 39.34 27.29 419  22.68 44.40 7.66 14.43
Token Painter (Ours)  13.01 47.90 28.36 422 26.39 42.27 8.78 14.46

Table 1: Quantitative results on the EditBench and BrushBench datasets. The best results are marked in bold and underline,
respectively. Results are all re-evaluated based on the released code, models and setting.

Methods Backbone Params(B) Speed(s)
BLD LDM 0.672 4.08
SDI SDI-1.5 0.860 6.67
CNI SD-1.5 1.221 9.20
HD-Painter SDI-1.5 0.860 13.16
PowerPaint SD-1.5 0.860 6.85
BrushNet SD-1.5 1.478 14.27
FreeCond SDI-1.5 0.860 6.89
Meissonic Meissonic-1B 1.007 13.45
Token Painter NOVA-0.6B 0.646 12.77

Table 2: Comparison of the efficiency of different methods
with Token Painter. We calculated the number of model pa-
rameters and the average inference time for a single image.

two types of tokens as keys. We then average along the key
dimension and resize the result to 4 x W for visualization.

3 Computational Efficiency Analysis

To better demonstrate the efficiency of our method Token
Painter compared to others, we report the number of model
parameters and the average inference time per image on
BrushBench for each method, as shown in the Table 2. All
experiments are conducted on NVIDIA L20 GPUs. For all
diffusion-based methods, we set the number of denoising
steps to the standard 50. For Meissonic and our method To-
ken Painter, we set the number of generation steps to the 32,
which is the half of the text-to-image task.

We observe that BLD, based on the early LDM(Rombach
et al. 2022), has the lowest spatial and temporal complex-
ity, but this also results in the worst performance. FreeCond,
which introduces simple training-free improvements to SDI,
maintains roughly the same time complexity. Although HD-
Painter is also a training-free improvement over SDI, its
RASG module modifies the sampling strategy and intro-
duces additional gradient computations, leading to increased
time complexity. PowerPaint is retrained based on SD-1.5
and introduces learnable semantic tokens, since its inference
process is largely consistent with standard SDI, it achieves
similar time complexity. Additionally, since no extra branch
network structures are introduced, these methods share the
same spatial complexity.

CNI and BrushNet, though also based on SD-1.5, intro-
duce additional network branches, which lead to varying de-
grees of increased time complexity and spatial complexity.

For Meissonic and our method, Token Painter, both follow
the text-to-image generation pipeline with 64 steps for gen-
erating the full image. However, since we only need to gen-
erate part of the image, we set the step count to 32, consis-
tent with the setup in the main paper. While Token Painter
involves operations such as frequency-domain fusion, its un-
derlying NOVA backbone has fewer parameters, resulting in
slightly lower time complexity than Meissonic.

In summary, compared to prior methods, Token Painter
achieves lower spatial complexity and maintains competitive
time complexity. Given its superior visual generation quality
and alignment with text prompts, our method stands out as a
strong text-guided image inpainting solution.

4 More Qualitative Results

Due to space limitations in the main paper, we omit the
qualitative results of SDI and also reduce the size of
other visualization figures. Here, we provide additional and
higher-resolution qualitative visualizations, including base-
line methods such as SDI, CNI, and BLD. These images are
chosen from both EditBench and BrushBench, as shown in
the Figure 2 and Figure 3. These visualizations demonstrate
the outstanding performance of Token Painter.
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Figure 2: Qualitative results of our Token Painter with previous text-guided inpainting methods on EditBench.
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Figure 3: Qualitative results of our Token Painter with previous text-guided inpainting methods on BrushBench.



