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Abstract. Visual autoregressive (VAR) models have recently emerged
as a promising alternative to diffusion models, achieving competitive per-
formance in text-to-image generation while offering substantially faster
inference. Although conditional image generation has been widely stud-
ied, training-free prompt-guided image editing remains largely unex-
plored despite its importance for practical applications. In this paper,
we present Visual AutoRegressive Inverse Noise (VARIN), the first noise
inversion framework for training-free text-based image editing in visual
autoregressive models. VARIN introduces Location-aware Argmax Inver-
sion (LAI), a pseudo-inverse function for the argmax operator that re-
constructs the inverse Gumbel noise used during discrete autoregressive
sampling. The recovered inverse noise enables accurate reconstruction
of the source image while providing controllable guidance for prompt-
driven image editing. Extensive experiments demonstrate that VARIN
produces edits that closely follow the target prompts while effectively
preserving the background and structural details of the source image.
These results establish VARIN as a simple, efficient, and practical image
editing framework for visual autoregressive models.
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1 Introduction

In the era of generative Al, diffusion models [9-11}22,[38]/49] have emerged as
dominant methods in image synthesis, outperforming GANs [17] in both un-
conditional and conditional generation tasks [12], notably in text-to-image gen-
eration [44]. This success has enabled diverse practical applications, including
personalization [|281/45,/57], 3D generation [39,/61], and prompt-based image edit-
ing [3,/20L[21}25,/344|37,|65], underscoring their increasing popularity and utility.

In contrast, autoregressive models, traditionally dominant in natural lan-
guage processing, have only recently gained attraction in visual synthesis. Recent
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Fig. 1: Qualitative performance of VARIN given diverse prompts. VARIN can success-
fully perform object changing, object adding, background changing and style editing.
We can see the the VARIN can perform precisely editing on the editing part of image
following target text instruction while preserving the background or unedited part

models such as LlamaGen [50] and MagVit-v2 have optimized image tok-
enization and transformer architectures, achieving competitive performance with
diffusion models. Furthermore, MARS integrates mixtures of experts to train
large-scale text-to-image autoregressive models, whereas MAR removes dis-
crete vector quantization by leveraging diffusion-inspired training in continuous
space. Despite achieving competitive performance with diffusion, these methods
still incur significant inference costs due to dependence on output size, limiting
scalability for high-resolution synthesis. To address this issue, proposed a
novel next-scale prediction autoregressive (VAR), which predicts the next scale
of image instead of next token. Compared to diffusion and traditional autoregres-
sive models, VAR does not only achieve state-of-the-art performance but also
possess significant faster inference time than these methods, highlighting the
potential future advantages of autoregressive models. Recently, [51] introduced
the Hybrid VAR Transformer (HART) diffusion framework, combining visual
autoregressive models (VAR) with lightweight diffusion refinement, achieving
comparable results to pure diffusion methods but with reduced inference time.
This model raises further research opportunities in downstream tasks, including
personalization, prompt-based image editing , and text-to-3D within VAR-
based frameworks.

In this paper, we focus specifically on prompt-guided text-to-image editing
within visual autoregressive models (VAR). Given a source image and a text
prompt describing desired edits, the task is to edit the source image to align



VARIN 3

with the text prompt while preserving background from the original image. We
observe that VAR generates the overall structure and layout at initial scales and
progressively refines finer details at higher scales. As illustrated in Fig. 2] editing
primarily becomes necessary at middle scales, around levels 4 to 6. A straight-
forward baseline is Regeneration, which preserves tokens at initial scales and
regenerates remaining scales using the target prompt. However, this approach
cannot adequately retains image background.

To address these limitations, we propose Visual AutoRegressive Inverse
Noise (VARIN), an inversion-based training-free editing method designed ex-
plicitly for VAR. Inspired conceptually by noise inversion techniques in diffusion
models, VARIN identifies a set of editable noises, which is capable of perfectly
reconstructing the source image and enabling precise editing. While continu-
ous autoregressive models (e.g., Gaussian-based) allow straightforward inversion
through inverse transformation flows 27|, discrete VAR models like [51}/53] can-
not perform an inversion directly due to the reliance on non-invertible argmax
operator during discrete sampling process (Gumbel-max trick). To perform in-
version, we require to design a pseudo-inverse function for argmax operator.
Recently, DICE [20] proposed an inverse-based editing technique for discrete
generative MaskGiT models and introduced a simple pseudo-inverse function
for argmax, the one-hot argmax inversion. When applying one-hot argmax in-
version for VAR generative models like HART, we find that one-hot argmax
inversion produces uncontrollable noise sets which limits precise editing capa-
bilities. Therefore, we propose Location-aware Argmax Inversion (LAI),
a pseudo-inverse function, which enhances editing controllability and alignment
with target prompts. LAI extracts inverse set of noises to reconstruct source
images perfectly and allows adjustable bias towards preserving background de-
tails, significantly outperforming simple regeneration baseline. The extracted
noises from VARIN allow low source-image bias for editing part of image while
keeping high source-image bias for unediting part to preserve background bet-
ter. Our simple inverse-based VARIN demonstrates good editing quality on par
with optimization-based test-time tuning approaches such as Null-Text Inver-
sion [34], without any additional retraining EditAR [35], InstructPix2Pix [4]
or complex cross-attention manipulations P2P [21], AREdit |60]. Furthermore,
these advanced methods remain complementary and could be combined with
our technique in future work for further improvements. Notably, VARIN tech-
nique inherits the real-time editing capability from VAR base model, which only
cost 0.65s per image editing and significantly outperform diffusion-based editing
technique. We summarize our contributions as follows:

1. We introduce Visual AutoRegressive Inverse Noise (VARIN), a simple yet
effective inversion-based editing technique for visual autoregressive (VAR)
models. VARIN performs autoregressive noise inversion to extract editable
set of noises per scale, enabling controllable image editing without additional
training and complex attention manipulation.

2. We propose Location-aware Argmax Inversion (LAI), a pseudo-inverse func-
tion of the argmax operator that enables the extraction of inverse noises for
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discrete autoregressive sampling. LAl allows perfect reconstruction of the
source image while providing controllable source-image bias in the extracted
noises, resulting in more precise and stable editing.

3. We empirically validate the e ectiveness of VARIN on text-to-image VAR-
based generative models, showing that it can generate edits aligned with
target prompts while preserving the background and structural details of
the source image.

2 Related Work

2.1 Visual autoregressive models.

Autoregressive models have signi cantly shaped natural language processing
(NLP) domain, particularly through their next-token prediction paradigm [1,2,8,
52)54/58,63]. This same paradigm has also proven e ective in visual generation:
models such as VQVAE [43,55], VQGAN [[15, 29], DALL-E [41], LlamaGen|[50],
and MARS [19] tokenize images into sequence of tokens for next-token predic-
tion modelling. While these token-based methods can match di usion models
in image quality, their inference speed often su ers because the number of to-
kens grows quadratically with image resolution. In visual synthesis domain, re-
cent works rapidly shift toward next-scale prediction proposed by VAR [53],
where models autoregressively predict multiple scales with di erent resolution
via multiscale residual quantization [29]. VAR [53] and HART [51] exemplify
this approach by generating high-quality images in only a few number of func-
tion evaluations. Furthermore, VAR is closely related to ImageBART [14], which
applies transformers to each denoising step in multinomial di usion [23]; one can
interpret VAR similarly, but using a blurring-to-deblurring viewpoint.

2.2 Diusion editing.

Di usion-based text-to-image editing has gained popularity for its exibility and
controllability [24,25]/33,/36]. Many works rely on large-scale pretraining|[4, 16,
46,67, 69] or ne-tuning approaches|[13, 18,47, 70], where either model weights
or embeddings are optimized at test time to achieve editing. Null-text Inver-
sion [34] further re nes editing control by adjusting null embeddings to align
the reconstruction path with the source image. Compared to di usion-based
editing technique, VAR-based editing technique like VARIN allows to perform
real-time editing within only 0.65s compared to long editing time of di usion
editing technique.

2.3 Diusion inversion.

A key challenge in di usion-based editing is extracting an internal representation
from the source image so that edits can be made without losing delity. Contin-
uous models often invert via deterministic or stochastic processes |[7, 25, 31, 32,
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Fig. 2: Visualizations of each scale of the generation process of HART [51]. The features
of a cat (top) and the landscape (bottom) are only distinguishable above 6 scales.

48, 64], while recent research addresses discrete di usion [20] and masked gen-
erative models [6]. These methods con rm that di usion inversion can guide
image editing by reconstructing the original data from a learned representation.
Inspired by these, our work focuses on inverting a visual autoregressive model
to enable text-based editing while preserving background.

3 Preliminaries

In this section, we rstly review about the visual autoregressive model in Sec. 3.1.
Motivating from SDEdit [33] for di usion model, Sec. 3.2 introduces simple
editing method for VAR called Regeneration, where we simply initialize the

duces a fairly good nal image that has the same structure as the source image
and follows the target text prompt ¢y , they lose background ne details as the
nal token maps are completely regenerated without any constraint from the
source image.

3.1 Visual Autoregressive Model

VAR adopts Variational AutoEncoder (VAE) based on VQ-VAE with [C] =
f1;:::;Cg of vocab size C. In training process, given an image | 2 RHW  the

Buar (1), where each token scale g has di erent resolution hy w ¢ and these
resolution increases with the scale k. The VAR-based autoregressive model
can now be considered as the next scale predictor, which models the following

likelihood:
¥

p(ry;ro;iii;re) = p (rejrasra;iii;rks ) (2)
k=1
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Unlike traditional autoregressive methods, which atten the image follow-
ing a prede ned scanning order (i.e. raster scan) then perform the next token
prediction, the next scale prediction proposed by VAR [53] strictly follows the
autoregressive's behaviour. In VAR framework, each token scalesrdepends only
on the previous token scales & . As a consequence, VAR exhibits faster inference
time than di usion and traditional next-token prediction autoregressive models
since they only need to run model for only few scale prediction (K 14) instead
di usion and vanilla autoregressive with thousands of model iterations.

3.2 Text-based Image Editing & Regeneration Baseline

Text-based Image Editing: We consider the text-based editing problem for

the text-to-image VAR model. Given a source image k. 2 R®HW  and a target
prompt cy; , we want to edit the source image L to comply with the prompt
Cygt - In our proposed VARIN in Sec. 4, we use inversion algorithm for editing.
Therefore, we need to de ne a corresponding source textsg, which aligns with
source image for noise extraction. The source textig; could be written by
human or use any image captioning model. The inverse noises are then used for
editing process with target prompt ¢y as shown in Sec. 4.3. The image editing
is evaluated based on two main criteria, which could be con icting: the edited
image should be aligned with the target prompt while still preserve the
unedited part from the source image.

Baseline Regeneration: Using the VAR encoder, we could obtain the following

beginning token scale constructs the structure and layout of images, the later
token scale adds more negrain detailed information. For editing with di usion
model, SDEdit [33] starts denoising generative process from middle noise level
with guidance condition (i.e. text, canvas) to perform editing, while keeping
the overall structure of the source image. Motivating from SDEdit, we could
pick a scale index s between 1 and K, then we x the beginning token scales

prompt ¢y . We name this intuitive editing method Regeneration, and outline
it in Sec. 4.3.

By keeping the beginning token scales of the source image, the editing out-
put image Il could keep the overall structure and layout of the source image.
However, it may fail miserably to preserve the negrained details in background
that should not be edited, examples of failures are shown in Fig. 4. To search
for a more ne-grained editing control, we propose noise inversion technique and
investigate how to control the noise for editing in next section.
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Fig. 3: VARIN pipeline: the pre x token ¢ «c +r « is fed to transformer to get log
probability p k. We then use pseudo inverse-argmax to nd the inverse noise nc from

editing control.

4 Inverse Autoregressive Transformation and Editable
Inverse Noise

We introduce our technique Visual AutoRegressive Inverse Noise (VARIN)

that could preserve the background of source image better. Towards this goal,
we discuss the extraction process of noise inversion for an autoregressive model in
Sec. 4.1. For discrete space, there is no closed-form solution for inversion due to
argmax operator, we therefore propose a pseudo-inverse function for the argmax
operator to obtain a set of inverse noises from source image in Sec. 4.2. The
overal pipeline is in Fig. 3.

4.1 Inverse Autoregressive Transformations

Given a continuous Gaussian autoregressive model {X;jx« ) and a sequence of

nd the sequence of inverse noises that perfectly reconstruct the sequence [27].
To see this, note that under the Gaussian assumption of p(x¢jX« ), we have
Xt = ¢+ ¢ t» where { and > 0 are the conditional mean and standard
deviation of x; given the history X«; . We can obtain by ; = Xl—[‘ Computing
the inverse noise under the Gaussian case could be implemented in parallel due
to the independence of ; and (o over di erent time stamps t 6= t> The above
inversion only holds when the noise admits a continuous density. Unfortunately,
most of autoregressive generative models for vision including VAR are based on
discrete tokens and model the sequence of token with a multinomial distribution.
Consequentially, the inversion could no longer be straightforwardly integrated
into the VAR pipeline.
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We now propose a pseudo-inversion for VAR models that extends the con-
tinuous noise inversion to the case of discrete tokens. The VAR models use
a multinomial distribution, where samples are drawn using the Gumbel-max
trick. A Gumbel distribution with mean 0 and scale 1 has a continuous density
exp z+exp(z) for any value z. We consider the discrete inverse autore-
gressive transformation problem using the Gumbel-max trick as follows:

pop (ir<) @
Find Gumbel noise n s.t. argmax(p; +n¢) =r¢;
with (unnormalized) log probability p; 2 R'C | n, is the Gumbel noise from
Gumbel-max trick, and ry 2 R' is the ground truth label with | is number of
tokens. As shown in Eq. (2), there is no perfect way to obtain the reverse Gumbel
noise from a label and predicted probability, as the Gumbel-max trick involves
an argmax operator, which is apparently non-invertible. Therefore, in the
next section, we propose two functions for the argmax operator in Sec. 4.2.

4.2 Pseudo-inverse Argmax

Since (p + n) represents the Gumbel-perturbed logits, we need to choose the
unormalized log probability g; such that ¢ = p¢ + ny and argmax(g) = r ;.
Notably, to ensure the editing ability, we better need the n; to follow the below
properties:

Prop 1. n  needs to be likely sampled from standard Gumbel noise since
in line 6 of Algorithm 4, we interpolate n; with standard Gumbel noise for
preserving randomness of generative process.

Prop 2: n { needs to preserve some bias information from source image. This
allows the editing algorithm to preserve the unedited part from source image.

Now, we discuss about how to choose pseudoinverse function for argmax
operator. The easiest way is setting g= LogOnehot(r ), and we call this Onehot
Argmax Inversion (OAI). With OAI, we can nd the list of inverse noise for
perfect reconstruction. However, when using inverse noise OAI for editing, it
usually fails to control the editing process. The reason is that the gis 0 at the
label index and signi cantly negative at other indices. This resultsinn; =q; p ¢
not likely being sampled from a standard Gumbel noise distribution violating
Prop 1 and n ; will be highly biased by source image since;gs extremely biased
by label of token. Therefore, in editing, it is hard to control the editing process
with OAl. Furthermore, we notice that the OAI process relies only on ground-
truth labels and omits the information of predicted logits p; from models.

To remedy the above issues, we propose a argmax inversion function called
Location-aware Argmax Inversion (LAI). Since q t = pt+n¢ and n; is
sampled from standard Gumbel noise, g should be close to p. LAl exploits
this property, and it takes p; as the location of Gumbel-max sampling. This
makes @ closer to p, and n; is more likely sampled from standard Gumbel
distribution which is then satis ed Prop 1. For the remaining discussion, we
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Algorithm 1 Location-aware Argmax Algorithm 2 VARIN

Inversion - LAI Input: Image | s, prompt C gt

Input: tokens r 2 [C] ', log prob p 2 R'C Parameters:

and preserving term Autoregressive Inversion:

1: rmask Onehot(r; num_classes = C) oo Li(rorasiinirk) E owar (Isee)
2: for t from 1 to K do

2. lmax  SUM(r mask  p;dim = 1) . 3: g LAIr ¢;pt) . Algorithm 1
4: Nt qt Pt

3! Ognax Gumbel( =1  max; =1) . 5: end for
Return: (n 1;n2;:::;nk)

4: q GumbelTrunc( =p; = 1;trunc = .

Onax ) ) , Algorithm 3 Algorithm 3 GumbelTrunc

59 g @ r  mask)tOmax I mask . Input: location , threshold T
1: u Uniform(0;1)

Output: q Return: log(exp( T) logu)

will omit subscript t to avoid clutter notation. To ensure the argmax condition,
for each token i from 1 to I, the ground truth label is r[i], we sample q]i] so that
argmax(q[i]) = r[i]. Firstly, we sample the value for q[i] ,; using the Gumbel-
max trick with the predicted location p[i] ;;; . Later, we sample other position
qlile=ry; by truncated Gumbel-max trick with corresponding predicted location
and truncated value il (see Algorithm 3). Please noted that is very
important parameter to control the unedited part preservation and we shall
discuss details of below.

Hyperparameter in LAl: When =0, the n ¢+ from LAl satis es Prop
1 but it still fails to edit while preserving the background. We could explain
this e ect: For simplicity, we consider g 2 R€ is a vector. When = 0, the
g sampled from Gumbel Truncation (Refer to Appendix for further detail) is
highly uncertain cause there exist some indices j such that;q q i, where i =
argmax, o . Therefore, during editing, £ =p+(1 ) g+ n=p+n+(1 )

(g n)=qg+(1 ) (g n)=q+ : Since q is highly sensitive, even a small can
cause a change in the maximum index of ", such that argmax, ¢ =j. As a
result, preserving the unedited part becomes exceedingly di cult. Therefore, by
setting , we could let g; retains bias from source image which provides useful
information to n¢ and control the sensitivity of Algorithm 4 better. This is also
satis ed Prop 2.

The e cient implementation is shown in Algorithm 1. LAl always guarantees
perfect reconstruction, the same as OAI, but g is closer to p, and n; is more like
standard Gumbel, which satis ed both above noise properties. We adopt LAI in
line 3 in Algorithm 2 to obtain inversed Gumbel noise list to control editing.
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Algorithm 4 Editing by VARIN
Input:

[EEY
~
)
-
—
N

viinirk) Eovar (Isre)
Ni;n2;:ii;nk VARIN( 151250000k ); Cerc)
. for t from s to K do
P po(jra;cg)
g Gumbel(0; 1)
g=p:+(1 ) g+n
ft = argmax(qt)
end for
Shgt D owvar (Foyiiirss fsiiiife)
OUtpUt: | tgt

CoONOIORWNE

4.3 Editing with VARIN

For editing using inversion, similar to Regeneration Editing, we rst obtain the
token scales using the VAR encoder. We then use Algorithm 2 to collect the list

log probability p; from autoregressive model p. Instead of sampling using the
Gumbel-max trick given p; as in Sec. 4.3, which uses new Gumbel noise g, we
interpolate new noise g with inverse noise pby interpolation coe cients . The

is hyperparameter for tuning the editing process.

5 Experiments

In this section, we rst describe the evaluation dataset used for the text-based
image editing task. In Sec. 5.1, we present the reconstruction performance of our
proposed method, VARIN + HART. Then, in Sec. 5.2, we conduct editing ex-
periments to demonstrate that VARIN can e ectively perform text-based image
editing. Throughout the experiments, we use the HART model [51] as the base
model and report quantitative results in Tab. 1 and Tab. 2.

Dataset: To conduct the experiment, we use the Prompt-based Image Editing
Benchmark (PIE-Bench) [26] which is a dataset created to evaluate text-to-image
(T2l) editing methods. It includes 700 images in 9 di erent editing scenarios,
making it a useful evaluation protocol for testing how well these methods handle
text-guided image edits. The dataset contains detailed annotations including
source text prompt ¢ and target prompt cy, and variety of tasks for us to
thoroughly test and fairly compare our method with other approaches.

5.1 Inversion Reconstruction

In Sec. 5.1, we evaluate the reconstruction performance of VARIN. We rstly
adopt Algorithm 2 to generate a set of inverse noises. These inverse noises are
then used to reconstruct token scales. Finally, the nal token scales are decoded
back to images.
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Table 1: Inversion reconstruction performance among discrete generative model.

Method Metric
Inversion Model PSNR " LPIPS  ,, s # MSE ,, 4« #SSIM , 2 "
DICE Paella 30.91 39.81 11.07 90.22
VARIN HART 26.00 70.26 33.20 79.83

Evaluation Metrics. For reconstruction evaluation, we use several image simi-
larity metrics, including Peak Signal-to-Noise Ratio (PSNR), Learned Perceptual
Image Patch Similarity (LPIPS) [68], Mean Squared Error (MSE), and Struc-
tural Similarity Index Measure (SSIM) [62], to measure the di erence between
the source images and the reconstructed images.

Results. In Tab. 1, we compare our inversion method VARIN with DICE [20],
since both operate on discrete token distributions. While DICE relies on a dis-
crete di usion model, our method is built on HART, a discrete visual autoregres-
sive model. In principle, discrete noise inversion in both DICE and VARIN can
recover tokens that exactly match the original image tokens, leading to perfect
token-level reconstruction. However, the evaluation metrics show a noticeable
gap between the reconstructed images and the original source images. This dis-
crepancy arises because both Paella [42] and HART use vector quantization
autoencoders, which introduce reconstruction error due to the compression pro-
cess. As shown in Tab. 1, the VAR-VAE used in HART performs worse than the
VQ-VAE employed by Paella in terms of exact pixel-level reconstruction. Never-
theless, although VAR-VAE lags behind VQ-VAE in pixel-to-pixel accuracy, the
two models produce visually comparable results. Therefore, this limitation does
not hinder their e ectiveness in practical applications.

5.2 Text-based Image Editing Performance

This section demonstrates the e ectiveness of our editing algorithm VARIN. For
both Regeneration and VARIN, we set the starting editing scale to s = 5 by
default, based on observations from Fig. 2, and set = 18 in LAI. Furthermore,
we adopt a logarithmic scheduler for with respect to scale, where =1 at
scale s and gradually decreases logarithmically to O at the nal scale 14.
Evaluation Metrics. We evaluate the performance of our proposed editing
method across three main aspects: structural similarity, background preserva-
tion, and alignment between the edit prompt and the generated image. To as-
sess structural similarity between the original and generated images, we apply
the structure distance metric from [55]. For evaluating background preservation
outside the editing mask, we use PSNR, LPIPS, MSE, and SSIM. Consistency
between the edit prompt and the generated image is measured using the CLIP
similarity score [40], computed for the entire image as well as speci cally for
the regions within the editing mask. Together, these metrics provide a holistic
evaluation of our inversion method, assessing its ability to maintain structural
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Fig. 4: Comparison between VARIN and the Regeneration baseline. VARIN performs
more accurate localized edits while better preserving background details and image
structure.

delity, preserve background details, and ensure alignment between the editing
prompt and the generated image, following the evaluation protocol in [26].

Results. Tab. 2 presents quantitative comparisons between VARIN and repre-
sentative di usion-based, autoregressive, and discrete image editing methods.
Overall, VARIN achieves a favorable balance between editing accuracy and
image preservation. In particular, it consistently ranks among the best meth-
ods for structural preservation while maintaining competitive prompt alignment
and strong background consistency, demonstrating that autoregressive noise in-
version is an e ective alternative to di usion-based editing. We rst compare
VARIN with recent training-free editing approaches including Regeneration,
DICE [20], AREdit [60], and DDPM-Inversion [25]. As shown in Tab. 2, VARIN
achieves strong performance across multiple metrics while maintaining a favor-
able balance between editing faithfulness and content preservation.

Among discrete generative editing methods, VARIN demonstrates competi-
tive structural preservation with a Structure Distance of 11.54, comparable to
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