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Figure 1. Our method, Implicit Structure Locking (ISLock), is able to achieve the attribute/object replacement (left), add/remove object
(mid) and style/state transfer (right) tasks while maintaining the other information firm to the original image. ISLock is also applicable to
different AR-based models, the first row is generated based on LlamaGen [47], while the second row based on Lumina-mGPT [29]

Abstract

Text-to-image generation has seen groundbreaking advance-
ments with diffusion models, enabling high-fidelity synthesis
and precise image editing through cross-attention manipula-
tion. Recently, autoregressive (AR) models have re-emerged
as powerful alternatives, leveraging next-token generation
to match diffusion models. However, existing editing tech-
niques designed for diffusion models fail to translate directly
to AR models due to fundamental differences in structural
control. Specifically, AR models suffer from spatial poverty
of attention maps and sequential accumulation of structural
errors during image editing, which disrupt object layouts
and global consistency. In this work, we introduce Implicit
Structure Locking (ISLock), the first training-free editing
strategy for AR visual models. Rather than relying on ex-
plicit attention manipulation or fine-tuning, ISLock preserves
structural blueprints by dynamically aligning self-attention

*Equal contribution, T Co-corresponding authors.

patterns with reference images through the Anchor Token
Matching (ATM) protocol. By implicitly enforcing struc-
tural consistency in latent space, our method ISLock enables
structure-aware editing while maintaining generative au-
tonomy. Extensive experiments demonstrate that ISLock
achieves high-quality, structure-consistent edits without ad-
ditional training and is superior or comparable to conven-
tional editing techniques. Our findings pioneer the way for
efficient and flexible AR-based image editing, further bridg-
ing the performance gap between diffusion and autoregres-
sive generative models. The code will be publicly available
at https://github.com/hutaiHang/ATM

1. Introduction

In recent years, text-to-image (T2I) generation technologies
centered on diffusion models have achieved revolutionary
breakthroughs [7, 19, 20, 25, 43]. Foundational models like
Stable Diffusion [11, 38] and Imagen [44] have not only
driven innovations in artistic creation [3, 13—15], but also
catalyzed a rich ecosystem of downstream tasks — ranging
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from text-guided image editing [18, 26, 51, 54] and drag
manipulation [32, 45] to image-guided T2I generation [33,
34,59, 60, 62]. These methods generally achieve pixel-level
image manipulation by exploring latent features [33, 60] or
attention weights [35, 51] during the denoising process.

Most recently, autoregressive models (AR) have expe-
rienced a resurgence in image generation. Inspired by the
success of large language models (LLMs) [1, 28, 49], re-
cent visual autoregressive models [29, 48, 57, 58], including
LlamaGen [47] and Emu3 [55], treat images as discrete to-
ken sequences [ 10, 53], reconstructing high-fidelity visuals
through next-token prediction. These approaches match dif-
fusion models in long-range coherence while offering unique
advantages: their sequential generation mechanism inher-
ently supports localized editing and seamless integration
with multimodal language models. However, the potential of
AR models remains underexplored for image editing tasks —
their next-token generation paradigm fundamentally differs
from the parallel denoising mechanism of full latent vec-
tors in diffusion models, which prevents direct migration of
existing diffusion-based editing techniques.

This challenge comes from the overlying difference in
their structural control mechanisms during image genera-
tion. In diffusion models, text-to-image spatial correspon-
dences are explicitly established via cross-attention maps:
coarse structural information is locked during early denois-
ing stages, allowing global consistency preservation through
localized attention adjustments [18, 21, 51]. In contrast, AR
models follow a distinct structural generation logic: Each
token prediction strictly depends on preceding sequences,
with structural information not centrally determined at any
single stage but progressively evolving during generation.
This mechanism introduces two critical issues: (1) Spatial
Poverty of Attention Maps: Text-to-image attention maps in
AR models lack precise structural correspondence”, mak-
ing them unreliable as editing anchors (as shown in Fig. 4).
(2) Sequential Accumulation of Structural Errors: Naive
modification of target tokens (e.g. changing “cat” to “dog”)
induces localized shifts in latent states. These deviations
propagate through autoregressive dependency chains, ulti-
mately distorting global structures such as object poses and
scene layouts (as shown in Fig. 2).

Recent attempts [27, 34] to mitigate these issues involve
fine-tuning the model parameters in large-scale paired im-
age editing datasets [2, 12] or introducing distillation losses.
However, such approaches require substantial training data
and computational resources while sacrificing zero-shot edit-
ing flexibility. Thus, a key challenge emerges: How can
we achieve structure-consistent editing in text-to-image au-
toregressive models in a training-free manner, leveraging a
deeper understanding of their attention mechanisms?

*Reasonably, the current token attends heavily to the previous one due
to the next-token prediction mechanism in AR models.

Change to dog

Change to tiger

direct edit prompt inject self attn-map Ours
Figure 2. (Left) Direct modification of target tokens causes signifi-
cant content distortion due to sequential structural error accumu-
lation. (Mid) Naive attention injection disrupts content coherence.
(Right) In contrast, our implicit structure locking (ISLock) effec-
tively mitigates these issues through the proposed Anchor Token
Matching (ATM) strategy.

In this work, we first conduct a systematic investigation
into the structural control mechanisms inherent to autore-
gressive (AR) image generation. While prior research has
extensively examined attention-guided editing in diffusion
models [18, 35, 51, 54], the relationship between attention
maps and structural layout in AR frameworks remains unex-
plored. Existing diffusion-based approaches [18, 51] suggest
that transplanting reference attention maps can effectively
enforce structural consistency. However, our experiments re-
veal a fundamental limitation of this approach when applied
to AR models: injecting external attention maps disrupts
the intrinsic attention dynamics of AR models, leading to
coherence loss with the semantic context in the generated
image (as illustrated in Fig. 2-mid, The layout structure is
kept but the content is distorted.). This disruption manifests
itself as blurred textures, distorted object proportions, and
inconsistent lighting, artifacts arising from the inherent in-
compatibility between parallel attention injection and the
sequential dependencies of AR models. To address this chal-
lenge, we propose Implicit Structure Locking (ISLock) as
the first zero-shot training-free editing strategy for AR vi-
sual generative models. At the core of our approach is the
Anchor Token Matching (ATM) strategy. Instead of brute-
force attention map transplantation, we selectively match
tokens during autoregressive decoding by identifying those
whose hidden representations exhibit maximum similarity
to anchor tokens from the original sequence. This process
induces implicit attention alignment, enabling the model to
naturally compute attention maps that preserve structural
coherence while adapting to local semantic edits (e.g., transi-
tioning fur texture from “cat” to “dog”). Note that attention
consistency emerges as a by-product of ISLock rather than
from explicit constraints. And that ISLock simultaneously
achieves two critical objectives: (1) Preserving Structural
Blueprints: the self-attention maps of the edited sequence
maintain structural consistency with those of the reference
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Figure 5. Perturbing image tokens at different stages of AR gen-
eration results in varying changes in image quality metrics (SSIM
and PSNR), as shown in the left curves. Early-stage perturbations
primarily affect global structural geometry, while later-stage pertur-
bations influence only high-frequency details, as evident from the
generated results on the right.

The visualization results indicate that semantically similar
tokens tend to exhibit coherent attention patterns, suggest-
ing that spatial structures are formed through image token
self-organization, rather than relying solely on explicit text
prompt guidance. However, during the injecting the attention
maps of reference images into the target generation process
as a naive way to preserve the structural consistency, we ob-
served significant artifacts and global distortions (as shown
in Fig. 2). Which we attribute to the contextual mismatch be-
tween the reference attention maps and the latent dynamics
of the target sequence.

As shown in Fig. 5, Further studies on sequential sensitiv-
ity reveal that perturbing the first 20% of tokens in the genera-
tion sequence leads to a significant decrease in the Structural
Similarity Index (SSIM), with a change of 0:56 & 0:02. This
impact is notably higher than the effect of perturbations oc-
curring later 20% in the sequence, where the SSIM change
is ASSIM = 0:08 + 0:05. Moreover, distortions caused by
late-stage perturbations are predominantly concentrated in
high-frequency detail areas, such as fine textures and edges.
This observed phenomenon of progressive structural solid-
ification aligns with theoretical expectations: early tokens,
owing to the causal attention mechanism in transformers,
interact with all subsequent positions and thus play a critical
role in shaping the global image structure. In contrast, later
tokens are more constrained by the local contexts of previ-
ously generated tokens, leading to a lesser influence on the
overall structure. This highlights the importance of early-
stage tokens in defining the global image structure during
autoregressive image generation.

3.3. Implicit Structure Locking (ISLock)

Building on our observations from the previous section, we
find that directly injecting attention maps leads to signifi-

cant artifacts and distortions, disrupting the coherence of the
generated image. To address this issue and ensure structural
consistency during image editing, we propose an adaptive
decoding framework that leverages anchor token matching
(ATM). Instead of explicit attention transplantation, our /S-
Lock implicitly locks the structure in the latent space.
Anchor Token Matching with Dynamic Windows. Given
the original prompt P, and the editing prompt Peg;¢, the
AR model samples the next token based on the predicted
distribution p(z;|z<;; ¢). For the P,,, it samples one token
z;"Y from distribution p(z;|Z<;; Corg), Which serves as the
anchor token at the corresponding position when generat-
ing the edited image. Our dynamic anchor token match-
ing (ATM) framework implicitly aligns structures while
maintaining editing flexibility. At step i of generating
the edited sequence Z%", we sample K candidate tokens
C;, = {Zil); N ZZ(K)} C R4 from the conditional distribution
P(Z;]22%; Ceait). We compute the latent space Euclidean dis-
tance between each candidate ng)
2 as:

and the reference anchor

s = ||z{F) — 292 3)

We then select the matching candidate with the minimal
distance as the output, following a process akin to nearest-
neighbor (NN) computation. This ATM strategy ensures
local alignment between the hidden state trajectories of the
edited and reference sequences, guiding the self-attention
mechanism to generate structurally consistent attention maps.
By leveraging implicit structural constraints rather than di-
rectly injecting attention maps, our approach ISLock miti-
gates semantic conflicts and preserves contextual coherence,
enabling more stable and structure-aware image editing.

To accommodate the varying structural constraints across
diverse generation stages, we further introduce a dynamic
window mechanism. The adaptive filtering window W; C C;
adjusts its size proportionally to decoding progress as:

I

W= K- (- )
where we set = 0:6 by default. At initialization (i = 0),
the window retains 100% of candidates (|W;| = K) to
enforce strict structure alignment for foundational struc-
tures. As generation progresses, the window shrinks linearly,
reaching 70% capacity (|W;| = 0:7K) at i = 0:5N and
40% (JW;| =~ 0:4K) by completion (i = N). This design
guarantees continuous adaptation, as early phases prioritize
structural fidelity through broad candidate pools, while later
stages progressively emphasize contextual coherence via
tighter constraints. The final editing token is noted as:

€ [0;1] 4)

edit
7

Z:™" = arg min s(k) ®))

keW;

By this means, our method ISLock achieves progressive la-
tent space alignment, effectively mitigating pattern mismatch
through implicit structural guidance.
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Method T21 Structure Background Preservation CLIP Similarity
Model Distance | | PSNR1 | LPIPS | | MSE | | SSIM 1 | Whole 1 Edited 1
Prompt-to-Prompt [ 18] SD1.4 88.46 16.80 270.38 | 241.89 | 69.93 26.70 21.43
Null-text Inversion [31] SD1.4 18.42 25.68 77.70 42.92 85.71 24.55 20.73
Pix2pix-zero [35] SD1.4 59.43 19.71 193.44 | 147.19 | 76.48 23.56 19.76
MasaCtrl [4] SD1.4 34.20 21.59 124.35 83.60 81.31 22.90 18.52
PnPlInversion [23] SD1.5 24.81 22.16 114.15 74.07 81.81 25.56 21.50
InstructPix2Pix [2] SD1.5 67.49 19.69 164.27 | 235.62 | 76.98 23.37 20.48
MGIE [12] SD1.5 53.46 20.62 131.13 | 205.09 | 79.55 22.67 19.58
NPM LlamaGen 113.95 12.14 377.84 | 72598 | 53.67 24.71 21.28
PnP-AR LlamaGen 103.94 13.20 328.49 | 600.20 | 58.25 23.56 20.65
ISLock (Ours) LlamaGen 31.79 19.75 136.21 | 161.17 | 76.71 24.19 21.33

Table 1. We compare mainly with AR based methods. We should highlight our method in some way. AR-based methods with the best and
second-best numbers are marked with bold and underlined respectively.

happy cat- happy dog

fruit cake > chocolate cake

Source image wi=1 W] =150 Dynamic window

Figure 7. The impact of window size |[W)|. As the window size
increases, structural preservation improves but flexibility decreases.
Dynamic window strategies achieve better balance.

street > snowy street

cliff > cliff with waterfall

Source image T=12 t=10 =08

Figure 8. Threshold 7 affects the intensity of image editing. As it
decreases, the editing effect becomes more pronounced, such as
increased snow coverage and greater waterfall flow.

Win. Size Struc. Dist.| Clip Sim.T S/CJ
[W| =50 60.83 24.79 2.45
[W| = 100 38.03 24.33 1.56
(W] = 150 30.39 22.18 1.37
Dynamic (Ours) 31.79 24.19 1.31

Table 2. Ablation study over window size |[W)|.

Generalizability. Our method is generalizable across di-
verse AR base models. We include such qualitative experi-
ments based on the Lumina-mgpt [29] in the Supplementary.

4.3. Ablation Study

Effect of Window Size |)V|. As shown in Fig. 7 and Table 2,
the ablation on window size |W| reveals a critical trade-off

between structural preservation and generative flexibility. A
larger |[W)| enhances structural preservation (lower structural
distance) but can excessively constrain the model, thereby
reducing generative flexibility and alignment with the target
prompt (lower CLIP Similarity). For instance, an overly
large window might incorrectly alter a dog’s expression or
a cake’s topping, as seen in Fig. 7. In contrast, our pro-
posed dynamic window strategy achieves a superior balance,
resulting in the best Structure Distance / CLIP Similarity
ratio.
Effect of Threshold . As illustrated in Fig. 8, the threshold
significantly influences the extent of modifications, partic-
ularly in high-variance editing tasks such as object addition.
During image editing, there are cases that no candidate to-
ken closely matches the anchor token. Adjusting in these
scenarios controls editing strength. A lower allows more
tokens from the original sampling to be retained, leading
to more substantial modifications. This can be observed
in Fig. 8, where reducing results in thicker snow accu-
mulation (1st row) and increased waterfall flow (2nd row).
Conversely, a higher better preserves consistency with the
original image, maintaining a more restrained edit.

5. Conclusion

In this work, we address the fundamental challenge of text-
guided image editing in autoregressive (AR) models without
modifying model parameters or relying on explicit attention
manipulation. By introducing Implicit Structure Locking (IS-
Lock), we enable training-free image editing through a novel
candidate matching protocol named Anchor Token Match-
ing (ATM), which aligns the structure of the original image
while preserving generative autonomy. Our method ISLock
ensures structure preservation as a natural consequence of la-
tent space structure, allowing AR models to maintain spatial
coherence for various editing tasks. Extensive experiments
demonstrate that ISLock achieves competitive performance
in structure-aware autoregressive editing, bridging the gap
between AR models and diffusion models.
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