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Abstract
Human artists can continuously refine their coarse sketches
during artistic creation. This is quiet different from exist-
ing autoregressive generation, where a token is determined
once sampled. Aiming to flexibly refine the generated con-
tents, this paper presents a Self-Calibrated AutoregressioN
(SCAN) model capable of self-evaluating and refining gen-
eration quality without regenerating the entire image. We
unify image token generation and quality evaluation into a
single autoregressive model, formulating both tasks as cat-
egorical prediction problems. During inference, the model
first generates a coarse initial image, then iteratively refines
the lowest-quality patches until satisfactory image quality is
achieved. Experimental results demonstrate that SCAN ef-
fectively handles diverse real-world generation errors and
achieves a promising balance between image quality and
speed. For example, SCAN-XL achieves an FID of 2.10 and
an IS of 326.1, surpassing the LlamaGen-XL by 1.29 (+38%)
in FID and 99.0 (+43.6%) in IS, with a 5.6× speedup (19.76s
→ 3.56s). Compared to recent works, SCAN improves FID
and speed by +18.3% and +23% over VAR-d20, and by +7%
and +46% over RandAR-XL.

Code — https://github.com/ZhanzhouFeng/SCAN

Introduction
Autoregressive (AR) models have significantly advanced the
development of Large Language Models (LLMs) (Touvron
et al. 2023; Jiang et al. 2025; Song, Liu, and Shou 2025), vi-
sual perction (Xiao et al. 2025; Feng and Zhang 2023a) and
Vision-Language Models (VLMs) (Zhu et al. 2023; Zhou
et al. 2025; Sun et al. 2023, 2025). The core idea is to pre-
dict the sequence of tokens step-by-step, i.e., once a token is
generated, it is fixed and serves as contextual conditioning
for subsequent predictions. This process decomposes long-
sequence generation into a series of next-token predictions,
thereby reducing prediction complexity. In the field of vi-
sual generation, AR models are emerging as a promising ap-
proach due to their impressive performance in multi-modal
instruction following and scalability (Wang et al. 2024; Kon-
dratyuk et al. 2023; Wu et al. 2024b; Song et al. 2024). How-
ever, a key limitation of existing AR visual generation is its
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Figure 1: Three examples of the self-calibrated autoregres-
sion, showing the initial generation and zoomed-in areas of
various refinement iterations. Flaws and refined areas are
highlighted with red and green boxes, respectively. Latency
and FID scores with 0, 10, 20, and 30 iterations are reported
below, where lower FID indicates better performance.

one-way prediction nature—a token is determined once it is
sampled, even if it presents unsatisfactory visual quality or
conflicts with later tokens.

Human artists often begin a painting with bold strokes on
a blank canvas, then keep refining the designs or any flaws of
the draft afterwards. With the composition in place, they can
better identify problems and fix artifacts, leading to a pol-
ished work. Diffusion models (Peebles and Xie 2023; Feng
et al. 2025a; Xie et al. 2025; Chen et al. 2025; Wan et al.
2024) and AR models (Wang et al. 2024; Wu et al. 2024b;
Feng et al. 2025b) are the two main visual generation meth-
ods. Diffusion models (Rombach et al. 2022; Song, Liu, and
Shou 2024; Hua et al. 2025; Chen, Chen, and Song 2025)
perform multi-step denoising on all patches at each step, al-
lowing them to fix and refine previous predictions. Yet, AR
models (Wang et al. 2024; Kondratyuk et al. 2023; Wu et al.
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2024b) generate sequences of tokens in one-way, where each
token is determined once sampled from a predicted distri-
bution. The randomness in categorical probability sampling
may lead to inconsistent and low-quality patches. As the
length of the sequence grows, the cumulative probability
of low-quality patches may degrade the overall generation
quality. Current AR methods lack explicit mechanisms to
detect or resolve such inter-token conflicts during genera-
tion. Recently, VAR (Tian et al. 2024) introduces a coarse-
to-fine next-scale prediction, where fine-scale tokens sup-
plement high-resolution details, but cannot fix flaws in the
coarse-scale structure.

We aim to improve AR generation models by equipping
them with the capability of self-calibrated flaw correction.
This can be achieved by 1) evaluating the quality of each
generated patch, and 2) recursively refining the low-quality
ones. However, there is no external patch-level quality anno-
tation available. Traditional GANs (Isola et al. 2017; Sauer,
Schwarz, and Geiger 2022; Kang et al. 2023) are unsuit-
able as they assess entire images rather than specific patches,
and their gradients cannot be back-propagated through vec-
tor quantization (Van Den Oord, Vinyals et al. 2017; Esser,
Rombach, and Ommer 2021). Moreover, most existing AR
models generate image patches sequentially in a raster or-
der, with each patch strictly conditioned on preceding out-
puts. This design makes it hard to regenerate specific patches
without reprocessing the entire image.

To tackle above challenges, we introduce a self-calibrated
autoregression model (SCAN) capable of evaluating and re-
fining low-quality patches. SCAN unifies image generation
and quality evaluation within a single AR model. Image gen-
eration is formulated as a categorical classification task in
VAE codebooks (Van Den Oord, Vinyals et al. 2017). Qual-
ity evaluation is formulated as a binary classification to dis-
tinguish high- and low-quality tokens. The tokens of ground
truth images serve as high-quality positive samples. Low-
quality negative samples are constructed from three sources,
i.e., random noise content, location-permuted patches, and
teacher forcing prediction. During training, we randomly re-
place ground truth patches with negative samples at a ratio
and train the quality evaluation function. The predicted prob-
ability serves as the quality score.

The quality score allows SCAN to spot and refine low-
quality cues. To replace the raster-order generation in pre-
vious decoder-only AR models, we propose two types of
input tokens, i.e., position instruction tokens p for targeted
patch generation and image tokens x for quality evaluation.
We use position embeddings as position instructions p, en-
abling regeneration of position-specified low-quality tokens
without reprocessing the entire sequence. It also allows for
a parallel generation via next set prediction to accelerate re-
finement. During inference, SCAN first generates an initial
image x(0) and its patch-level quality scores s(0). It then it-
eratively selects lowest-scoring tokens for refinement. The
number of iterations can be manually set or based on appli-
cation requirements, allowing for a flexible balance between
computational cost and output quality.

SCAN is built on LlamaGen architecture (Sun et al.
2024), including three scales: SCAN-L (343M), SCAN-XL

(775M), and SCAN-XXL (1.4B). In Fig. 1, iterative re-
finement progressively corrects flaws in generated images.
Experimental results demonstrate that the SCAN signifi-
cantly improves image quality and efficiency. SCAN-XL
achieves the FID of 2.10 and IS of 326.1, surpassing baseline
LlamaGen-XL (Sun et al. 2024) by 1.29 (+38%) in FID and
99.0 (+43.6%) in IS, with a 5.6× speedup. Compared to re-
cent AR visual generation works of similar scale (∼700M),
it outperforms VAR-d20 (Tian et al. 2024) by 0.47 (+18.3%)
in FID and 23.5 (+7.8%) in IS with a 23% speedup, and
RandAR-XL (Pang et al. 2024) by 0.15 (+7%) in FID and
8.3 (+3%) in IS with a 46% speedup.

SCAN combines coarse initial generation with iterative
refinement to boost the output quality. To the best of our
knowledge, this is an initial effort to empower autoregres-
sive generation with self-evaluation and correction capabil-
ities. We hope SCAN helps alleviate the limitations of ex-
isting AR models and inspires further exploration on self-
calibrated generation.

Related Work
Masked Image Modeling (MIM). MIM methods predict
image tokens from a masked sequence using bidirectional
attention in a BERT-like (Devlin 2018) way, including
MaskGIT (Chang et al. 2022), Muse (Chang et al. 2023),
MagViT (Yu et al. 2023a) and MAR (Li et al. 2024). The
design of masked placeholders with position information en-
ables parallel token prediction and flexible generation or-
der, reducing the number of steps required to predict a com-
plete image and thus accelerating the inference (Chang et al.
2022). However, MIM is typically built on encoder-decoder
architectures (Feng and Zhang 2024, 2023b) which lacks
support for KV-Cache (Shazeer 2019; Li et al. 2025) and
is not directly compatible with LLMs. Different from pre-
vious MIM, this work is built on a decoder-only AR and
utilizes positional embeddings as instructions to enable spe-
cific patch generation and modification.
Decoder-only AR Language Generation. LLMs predict
the next token iteratively until the entire sentence is gen-
erated. Recent works (Liu et al. 2024; Wu et al. 2024a) sug-
gest that allowing LLMs to engage in internal thinking be-
fore producing a response can enhance their performance on
reasoning, particularly when they are encouraged to explic-
itly articulate intermediate reasoning steps (Liu et al. 2024).
Some works (Madaan et al. 2024) propose leveraging natu-
ral language feedback, both human- (Bai et al. 2022) and
machine- (Fu et al. 2023) labeled, as intermediate think-
ing process to refine outputs. Sources of feedback include
human evaluations (Bai et al. 2022), compilers (Yasunaga
and Liang 2020), or Wikipedia edits (Schick et al. 2022).
However, these approaches require external feedback data
and cannot modify individual tokens without reprocessing
the entire sequence. Different from these works on language
generation, our work introduces the capability to indepen-
dently evaluate and refine targeted tokens without requiring
additional labeled data.
Decoder-only AR Visual Generation. Inspired by the scal-
ability of AR language models, pioneering works explore
AR visual generation, including VQGAN (Esser, Rombach,
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and Ommer 2021), DALL-E (Ramesh et al. 2021), Parti (Yu
et al. 2022), LlamaGen (Sun et al. 2024) in image generation
and VideoPoet (Kondratyuk et al. 2023), CogVideo (Hong
et al. 2022), MAGVIT-v2 (Yu et al. 2023b) and VILA-
U (Wu et al. 2024b) in video generation. AR generation
works typically adopt a raster-scan order, predicting tokens
in a strictly fixed sequence. Recently, some works have
sought to improve this fixed order. RAR (Yu et al. 2024)
randomly permutes the original raster order with a prob-
ability r that starts at 1 and linearly decays to 0 during
training. RandAR (Pang et al. 2024) enables both training
and inference random-order generation through the inter-
leaving of positional instruction tokens and image patches
as the input. VAR (Tian et al. 2024) replaces the raster order
with a coarse-to-fine next-scale prediction, where a higher-
resolution image is predicted to supplement the previous
coarse-scale prediction.

Different from previous AR works, this work aims to en-
able visual AR model with the ability to iteratively modify
the generated images without introducing extra models and
data. Compared to RandAR, our method does not require
to refeed the interleaved image patches, thus avoiding re-
dundant computations and speeding up inference. Compared
to VAR, where fine-scale tokens cannot correct errors from
previous coarse scales, this work can self-revise previously
generated low-quality patches.

Method
Framework
Given a content condition C, the decoder-only AR models
predict discrete tokens x = {xn}n=1:N sequentially, where
each token xn is generated based on the previously gener-
ated ones. The training objective is to maximize the likeli-
hood of the joint distribution on the ground truth sequence,
which can be written as:

max
θ

pθ(x | C) =
N∏

n=1

pθ (xn | x<n,C) , (1)

where pθ denotes the categorical distribution predictor pa-
rameterized by θ. Existing decoder-only AR models gener-
ate token sequences uni-directionally, where each token is
determined once sampled.

This work aims to endow the AR visual generation model
with self-calibration capability, enabling token refinement
without introducing substantial computation overheads. Our
method first generates an initial image x(0), where the su-
perscript “0” denotes the initial generation stage. For each
token x

(0)
n ∈ x(0), we evaluate a quality score s

(0)
n , where

a higher score indicates better quality. Based on s
(0)
n , low

quality tokens are hence spotted and refined. Tokens with
the lowest quality scores are then iteratively refined over T
iterations, until a satisfactory image is achieved.

In order to implement this self-calibrated generation, we
introduce two modules into AR: 1) position-specified tokens
generation Gen(·), that generates a token at the specified po-
sition instruction token pn, and 2) token quality evaluation

Eva(·), that predicts the quality score for a token. Specifi-
cally, at the t-th refinement, c tokens with the lowest qual-
ity scores in s

(t)
n are selected for regeneration, where c is a

hyperparameter ablated in Sec. . Let the set I denote these
selected tokens. It can be generated as

I(t) = min(c, s(t)), (2)

where min(c, s) returns indices of the c smallest scores in
the set s. Selected tokens are regenerated under the current
context with specified indices in I,

x′
n = Gen(pn | x(t),C), ∀n ∈ I(t). (3)

After regeneration, the quality scores for these newly gener-
ated tokens are evaluated with Eva(·),

s′n = Eva(x′
n | x(t),C), ∀n ∈ I(t). (4)

Gen(·) and Eva(·) are iteratively executed to refine tokens
and evaluate their quality.

The current image x(t) is updated by replacing selected
tokens with the newly generated ones, if their quality scores
are improved. It can be denoted as,

x(t+1)
n =

{
x′
n, if n ∈ I(t) and s′n > s

(t)
n

x
(t)
n , otherwise.

(5)

The quality score sequence is updated accordingly:

s(t+1)
n =

{
s′n, if n ∈ I(t) and s′n > s

(t)
n

s
(t)
n , otherwise.

(6)

Refinement continues until the quality scores no longer
improve or reaches a predefined iteration number T . Our
self-calibrated autoregression does not regenerate the en-
tire image. It also can be accelerated by a parallel next-set
prediction, i.e., regenerating c low-quality tokens as a set.
Therefore, it outperforms existing AR methods in both effi-
ciency and generation quality.

The next parts present the implementation of Gen(·) and
Eva(·), as well as our training procedure. An illustration of
our inference pipeline is shown in Fig. 2 (b), where refine-
ment is performed for 2 iterations with c = 2.

Token and Score Prediction
This section unifies position-specified image token gener-
ation Gen(·) and quality evaluation Eva(·) into a single
decoder-only AR model G(·), and introduces a next set pre-
diction to enable parallel prediction.
Position-specified token generation. To enable the regen-
eration of a specific image token without reprocessing the
entire image, the model should be informed of the spatial lo-
cation of the tokens to generate next. We utilize position em-
beddings as position instruction tokens pn to indicate spatial
locations, which are fed into the model G to predict visual
content at the n-th position. Function Gen(·) can be repre-
sented as:

xn = G(pn | x,C). (7)
The position instruction tokens pn is similar to the
masked tokens combined with positional information in
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Figure 2: Overview of our method. The model predicts image tokens xn given position instruction pn, and predicts quality
scores sn given xn. (a) The training input includes initial image and quality predictions, appended by sequence simulating
refinement. (b) During inference, the model generates initial image x(0) and quality scores s(0), then iteratively refines.

MIM (Chang et al. 2022, 2023) Specifically, pn for n-th im-
age token at position (h,w) is:

pn = RoPE(e, h, w), (8)

where a learnable embedding e is rotated according to 2D
coordinates (h,w) following 2D-RoPE (Su et al. 2024; Pang
et al. 2024).
Token quality evaluation. Each xn sampled from the pre-
dicted categorical distribution is refed into the model to up-
date the generated context. We leverage this forward pass to
predict the quality score sn, i.e., xn is input into the model
G to predict sn. Hence, Eva(·) is implemented as:

sn = G(xn | x,C). (9)

Evaluating the quality of generated contents could be eas-
ier than generating them, similar to identifying flaws in an
existing painting is simpler than painting from scratch.
Next set prediction. Utilizing position instruction tokens
pn as spatial indicators enables parallel generation, signif-
icantly reducing the number of iterations and accelerating
inference. Image tokens x = {xn}n=1:N are partitioned
into sets {x1}, {x2, x3}, ..., {xN−2, xN−1, xN}, where each
set contains a predefined number of tokens and the number
of sets is K. Similarly, quality scores are divided into cor-
responding sets {s} for parallel generation. By default, we
follow MAR (Li et al. 2024), increasing the number of to-
kens in each set with a sine schedule, and setting K = 64
for generation. Besides, the quality evaluation of previously
generated image tokens and the generation of next iteration

can be processed in parallel, forming the input sequence:
[C, p1︸ ︷︷ ︸

Iter 1

, x1, p2, p3︸ ︷︷ ︸
Iter 2

, x2, x3, p4, p5︸ ︷︷ ︸
Iter 3

, . . . , xN−2, xN−1, xN︸ ︷︷ ︸
Iter K

].

(10)
The corresponding output sequence can be represented as:

[ x1︸︷︷︸
Iter 1

, s1, x2, x3︸ ︷︷ ︸
Iter 2

, s2, s3, x4, x5︸ ︷︷ ︸
Iter 3

, . . . , sN−2, sN−1, sN︸ ︷︷ ︸
Iter K

],

(11)
where the output of the condition C is omitted. It can
be seen that each pn generates xn which is then evalu-
ated to a quality score sn. Bidirectional attention is used
within set, and causal attention is used between sets. The
causal attention between sets can be accelerated using KV-
cache (Shazeer 2019) to speed up inference. Given an input
set [xn−1, pn, pn+1] as an example, the model prediction can
be represented as:
[sn−1, xn, xn+1] = G(xn−1, pn, pn+1 | x<n−1,C). (12)
Position-specified token generation and evaluation are

achieved by a single decoder-only model without additional
modules. The next set prediction accelerates this process,
ensuring that even with refinements, our method maintains a
clear speed advantage over recent works as shown in Tab. 1.

Model Training
The model is trained to perform both generation and evalua-
tion within a single model G. We unify these tasks as a uni-
fied categorical prediction problem, with the training loss:

L = Lgen + Leva (13)
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Figure 3: Three types of negative samples and combination.

where Lgen and Leva represent the loss functions for gener-
ation and evaluation, respectively.
Generation training. The model G is trained to maximize
the log-likelihood of the ground truth token sequence x:

Lgen = E[− log p(x|C)], (14)

where log-likelihood is computed as the cross-entropy loss
between the true one-hot token and the predicted token.
Evaluation training. We formulate the quality score eval-
uation as a binary categorical prediction task, i.e., distin-
guishing between positive (high-quality) and negative (low-
quality) samples. Ground truth image tokens are defined as
positive samples x+ with a quality score s of 1, while low-
quality tokens x− are assigned a score s of 0. Negative sam-
ples x− are constructed from three types:

(a) Random noise content. Some input image tokens are
randomly replaced with visual content from the VAE tok-
enizer discrete codes (Van Den Oord, Vinyals et al. 2017).
Although the replaced content is valid in terms of the code-
book, it does not align with the context of the image. This
simulates errors caused by random sampling from the cate-
gorical distribution.

(b) Location permuted patches. Image tokens are spatially
permuted, where each token is relocated to a different spatial
position. These patches retain valid visual content but are
spatially misaligned. This design enhances spatial sensitivity
of the model and the ability to maintain the continuity of
adjacent visual content.

(c) Teacher forcing prediction. The third type of nega-
tive samples comes from teacher forcing prediction errors,
enabling the model to learn to identify and correct its own
prediction mistakes. To make the predictions align with the
ground truth visual content, we use teacher forcing predic-
tion (Lamb et al. 2016) conditioned on the ground truth se-
quence. Specifically, we perform a forward pass, backward
pass, and optimization conditioned on ground truth, follow-
ing the standard AR training step (Sun et al. 2024). Cur-
rently, incorrectly predicted tokens are collected as negative

samples for the next training step. It is worth noting that er-
rors from teacher forcing predictions differ from those in
real inference. In inference, errors arise from both model
prediction and random sampling, leading to error accumula-
tion. As a result, predictions from teacher forcing and real-
world inference are drawn from different distributions, i.e.,
the data distribution for teacher forcing and model distribu-
tion for real inference. This discrepancy, known as exposure
bias (Ranzato et al. 2015), means we cannot rely solely on
teacher forcing predictions to construct negative samples.

As visualized in Fig. 3, these types of negative samples
represent different low-quality tokens, i.e., random noise re-
sembles generation errors, location permuted patches resem-
bles spatial misalignment, and teacher forcing prediction re-
sembles ambiguous or uncertain patches. Our negative sam-
ples x− are constructed by randomly combining three types
to ensure robust training and enhance the model to handle
diverse real-world scenarios. Ablation studies in Tab. 3 val-
idate this combination yields superior performance.

Training input x is constructed with a negative sample
ratio r. Specifically, m ∈ {0, 1}N is a binary mask of
the same shape as x, composed of randomly assigned 0 or
1. r proportion values of m are set to 0 as negative, i.e.,∑N

n mn = N × (1 − r). The positive samples x+ and the
negative samples x− are combined using the mask m as:

x = x+ ×m+ x− × (1−m). (15)

Correspondingly, the quality scores s for tokens that match
the ground truth are set to 1; otherwise, they are set to 0:

si =

{
1, if xn = x+

n
0, otherwise. (16)

The model is trained to predict these quality scores based
on the context, which can be expressed as:

Leva = E[

N∑
n=1

− log p(sn|x≤n,C)]. (17)

During training, negative tokens requiring refinement
are appended to the end of training sequence x to simu-
late iterative refinement. As shown in Fig. 2 (a), we ap-
pend [p3, p9, x3, x9, ...] to simulate the refinement of tokens
{x3, x9} and evaluation of newly generated tokens. These
appended tokens are also set as negative samples with a
probability r, simulating cases where refinement may still
result in low-quality outputs.

Experiments
Implementation Details
For initial image generation, we use 64 steps to produce a
256×256 image with next set-of-tokens prediction, progres-
sively increasing the number of tokens in each set from 1 to 4
using a sine schedule as in (Li et al. 2024; Chang et al. 2022;
Li et al. 2023). By default, the refinement iteration T is set to
30, with C = 4 tokens refined at each iteration. The model
is trained on the ImageNet-1K (Deng et al. 2009). During
training, the negative sample ratio r is randomly sampled
between 0 and 0.4 at each iteration. Detailed architectures
and training hyper-parameters are provided in appendix.
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Type Model #Para #Step #Refine FID↓ IS↑ Pre↑ Rec↑ Latency (s)
Diffusion ADM 554M 256 0 10.94 101 0.69 0.63 -
Diffusion DiT-L/2 458M 250 0 5.02 167.2 0.75 0.57 285.82*
Diffusion DiT-XL/2 675M 250 0 2.27 278.2 0.83 0.57 414.90*

AR RAR-XL 955M 256 0 1.50 306.9 0.8 0.62 -
AR RAR-XXL 1.4B 256 0 1.48 326 0.8 0.63 -
AR RandAR-L 343M 88 0 2.55 288.8 0.81 0.58 -
AR RandAR-XL 775M 88 0 2.25 317.8 0.80 0.60 6.6
AR MAR 943M 64 0 1.55 303.7 0.81 0.62 53.30*
AR LlamaGen-L 343M 256 0 3.80 248.3 0.83 0.51 13.72
AR LlamaGen-XL 775M 256 0 3.39 227.1 0.81 0.54 19.76
AR LlamaGen-XXL 1.4B 256 0 3.09 253.6 0.83 0.53 26.38
AR VAR-d20 600M 10 0 2.57 302.6 0.83 0.56 4.61*
AR VAR-d24 1.0B 10 0 2.09 312.9 0.82 0.59 5.53*
AR SCAN-L† 343M 64 0 3.05 274.3 0.82 0.57 2.09
AR SCAN-L 343M 64 30 2.51(-17%) 307.3(+12%) 0.81 0.60 2.47
AR SCAN-XL† 775M 64 0 2.52 314.5 0.84 0.58 2.37
AR SCAN-XL 775M 64 30 2.10(-16%) 326.1(+4%) 0.83 0.59 3.56
AR SCAN-XXL† 1.4B 64 0 2.24 327.2 0.81 0.58 4.09
AR SCAN-XXL 1.4B 64 30 1.95(-13%) 338.7(+4%) 0.83 0.61 5.62

Table 1: Model comparisons on class-conditional ImageNet 256 × 256. Symbols “↓” or“↑” indicate whether lower or higher
values are better. “#Step”: the number of model runs needed to generate an image. Wall-clock inference time is reported on one
A100 GPU with batch size of 1. “*” indicates measured using official codes on our own. “†” denotes SCAN without refinement.

Refine Iters T FID↓ IS↑ Times
0 2.52 314.51 2.37

10 2.39 323.54 2.61
20 2.16 324.26 3.06
30 2.10 326.13 3.56
40 2.04 326.55 4.07
50 2.03 329.68 4.53
60 2.03 329.71 5.11

Table 2: Impact of refinement iterations T .

Main Results
We evaluate SCAN models on the ImageNet 256 ×
256 conditional generation benchmark, comparing them
against SOTA generative models: diffusion models, such
as ADM (Dhariwal and Nichol 2021) and DiT (Peebles
and Xie 2023) and AR models, including RAR (Yu et al.
2024), RandAR (Pang et al. 2024), MAR (Li et al. 2024),
LlamaGen (Sun et al. 2024), and VAR (Tian et al. 2024).
The results are summarized in Tab. 1. We report model
performance without and with refinement. After 30 refine-
ment iterations, the three SCAN models improve FID scores
by 0.54 (-17%), 0.42 (-16.7%), and 0.29 (-12.9%), respec-
tively. With refinement, SCAN maintains a strong balance
between speed and performance compared to recent meth-
ods. For example, SCAN-XL with refinement achieves a la-
tency of 3.56s, significantly faster than 19.76s of LlamaGen-
XL, 6.6s of RandAR-XL, and 4.61s of VAR-d20, while
achieving a comparable FID score (2.10 for ours vs. 3.39,
2.25, and 2.09 for these methods, respectively). This ef-
ficiency is attributed to next set-of-tokens prediction and
the generation-then-refine strategy. The wall-clock times in
Tab. 1 empirically show that SCAN-XL accelerates infer-
ence by 22.8% over VAR-d20, 46.1% over RandAR-XL,

Negative Sample Initial Generation With Refinement
FID↓ IS↑ FID↓ IS↑

Random Noise 3.27 260.80 2.81 283.2
Loc. Permuted 2.87 283.76 2.52 296.6

Teacher Forcing 2.49 307.46 2.31 320.8
Combined 2.52 314.51 2.10 326.1

Table 3: Impact of negative sample construction strategies.

93.3% over MAR, and 76.9% over RAR-XL. Experimen-
tal results consistently show improvements across different
model scales, demonstrating high-quality generation and
efficiency of the SCAN.

Ablation Studies
Number of refinement iterations. Our refinement itera-
tively selects and refine tokens with the lowest quality scores
for T iterations. Tab. 2 compares performance and speed
across different numbers of refinement iterations T . As
shown, refinement consistently improves FID and IS scores,
though with saturating improvements as T increases. For ex-
ample, the FID improvements from 10 to 60 iterations are
0.13, 0.23, 0.06, 0.06, and 0.01, respectively. It is worth not-
ing that more refinement iterations do not always lead to bet-
ter results. Since only tokens with improved quality scores
are updated to prevent over-refinement, later iterations may
fail to enhance token quality, rendering further refinements
ineffective. Fig. 2 visualizes this effect, showing that gener-
ated images become static after a certain point. We set the
number of refinement iterations to 30 as a good balance of
performance and speed.
Negative sample construction. We construct negative sam-
ples using three strategies to simulate different types of
low-quality tokens. Tab. 3 compares strategies include ran-
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Predicted QualityOriginal Refined Predicted QualityOriginal Refined

Figure 4: Predicted quality scores. We present the origi-
nal generated images, the predicted quality scores, and the
corresponding refined images. In predicted quality, brighter
patches indicate lower quality and require refinement. Red
and green boxes highlight the flawed and refined regions.

dom noise, location-permuted tokens, teacher forcing pre-
diction, and their combination, with and without 30 refine-
ment iterations. It can be seen that using only random noise
or location-permuted tokens degrades the initial generation
performance, as severe corruption of the input disrupts nor-
mal generation training. This results in relatively poor FID
scores of 3.27 (+0.75) and 2.87 (+0.35), and IS scores of
260.80 (-53.71) and 283.76 (-30.75), respectively. Using
only teacher forcing prediction preserves the quality of ini-
tial generation but falls short in learning refinement capabil-
ities. This is because the errors generated by teacher forc-
ing are relatively homogeneous, unable fully simulate the
diverse types of errors encountered in real-world inference.
Combining all three strategies significantly improves both
initial generation and refinement performance. This ensures
the model can effectively learn to correct real-world errors,
leading to robust and high-quality generation.

Visualization
Predicted quality scores. Fig. 4 visualizes the predicted
quality scores for generated images, where brighter areas
indicate lower quality. The model identifies low-quality to-
kens, such as blurry, inconsistent, or structurally flawed re-
gions. For example, corresponding to these three types of
problems, in the first row (Chihuahua), the blurry ear region
is detected; in the second row (telescope and pot), discontin-
uous lines are corrected; and in the third row (flame), anoma-
lous flame is identified. Additionally, the model fixes color
problem, such as the yellowish tint of the green pepper in
the fourth row, restoring it to correct green color. By ad-
dressing low-quality areas in both objects and backgrounds,
the model noticeably improves overall visual quality.
Refined with more iterations. Fig. 5 visualizes the effects
of refining images for up to 50 iterations. Early refinement
iterations improve low-quality regions, such as the roof of
the yurt in the first example and the grassland behind the
dog. Using a greedy strategy, only tokens with improved

Initial Generation Iter. #10 Iter. #20 Iter. #30 Iter. #40 Iter. #50

Figure 5: Visualization of additional refinement iterations,
with central regions zoomed in. Red and green boxes high-
light flaws and refinements. Early iterations effectively cor-
rect flaws, and further refinements do not cause over-
refinement. The last two cases show two extremes: one re-
fined up to 50 iters, and another achieving ideal quality ini-
tially, performing no refinement.

quality scores after regeneration are updated at each step,
ensuring the image quality converges and preventing over-
refinement. As iterations increase, gains gradually saturate,
and further refinements no longer improve the image. In rare
cases, like the red pepper stem example, some uncertainty
remains, and the image hasn’t fully converged even after 50
iterations. The last row shows another rare case where the
initial eagle image is already high quality, and no refinement
is performed. A meaningful future investigation would be
to explore different strategies for selecting regions to refine,
such as incorporating randomness or connectivity, to further
enhance refinement efficiency and effectiveness.

Conclusion
We introduce Self-Calibrated AutoregressioN (SCAN), a
novel autoregressive model capable of predicting token
quality and adaptively refining generated content. SCAN
integrates two key abilities: (1) generating image tokens
at specific locations and (2) evaluating the quality scores.
We formulate quality prediction as a binary classification
task, and construct low-quality negative samples from three
sources: random noise content, location-permuted patches,
and teacher forcing prediction, without the need for addi-
tional modules or labeled data. During inference, the model
first generates a coarse initial image and its quality scores,
then iteratively refines low-quality patches, until satisfactory
quality is achieved. This approach improves the baseline by
38% in FID and achieves a 5.6× speedup, while outperform-
ing recent works in both performance and speed. We hope
SCAN inspires further exploration of token quality evalua-
tion and refinement in AR models.
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