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Abstract. While deep learning has significantly advanced medical im-
age segmentation, most existing methods still struggle with handling
complex anatomical regions. Cascaded or deep supervision-based ap-
proaches attempt to address this challenge through multi-scale feature
learning but fail to establish sufficient inter-scale dependencies, as each
scale relies solely on the features of the immediate predecessor. To-
wards this end, we propose the AutoRegressive Segmentation frame-
work via next-scale mask prediction, termed AR-Seg, which progres-
sively predicts the next-scale mask by explicitly modeling dependencies
across all previous scales within a unified architecture. AR-Seg introduces
three innovations: (1) a multi-scale mask autoencoder that quantizes
the mask into multi-scale token maps to capture hierarchical anatomi-
cal structures, (2) a next-scale autoregressive mechanism that progres-
sively predicts next-scale masks to enable sufficient inter-scale dependen-
cies, and (3) a consensus-aggregation strategy that combines multiple
sampled results to generate a more accurate mask, further improving
segmentation robustness. Extensive experimental results on two bench-
mark datasets with different modalities demonstrate that AR-Seg outper-
forms state-of-the-art methods while explicitly visualizing the interme-
diate coarse-to-fine segmentation process. Source code is made available
at https://github.com/takimailto/AR-Seg.

Keywords: Next-scale prediction- Autoregressive model - Medical im-
age segmentation.

1 Introduction

Medical image segmentation is crucial for clinical diagnosis and treatment plan-
ning [10]. Despite advancements in deep learning, most existing methods [5,7,11]
struggle with the variability of complex anatomical structures—differing in size,
shape, and appearance—making accurate segmentation particularly challenging
in intricate and ambiguous regions. To address these challenges, cascaded and
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deep supervision-based approaches [1,32] have focused on multi-scale feature in-
tegration or loss constraints to extract more robust representations. However,
these methods still struggle to establish sufficient inter-scale dependencies, as
each scale relies solely on the features of the immediate predecessor.

Drawing from the success of autoregressive models via next-token prediction
in natural language processing [25], we recognize their potential to address the
inherent variability in discrete segmentation tasks. To this end, we propose a
novel AutoRegressive Segmentation framework via next-scale mask prediction,
termed AR-Seg, which progressively predicts the next-scale mask by explicitly
modeling dependencies across all previous scales within a unified architecture.
This holistic modeling of multi-scale dependencies leads to a more coherent and
accurate segmentation, especially in regions with varying anatomical features,
thus improving both segmentation robustness and clinical usability. To the best
of our knowledge, AR-Seg is the first time to utilize next-scale prediction [27] for
the discrete segmentation task.

Our contributions are summarized as follows. (i) We propose AR-Seg, an
autoregressive framework via next-scale mask prediction for medical image seg-
mentation, explicitly modeling dependencies across all previous scales within
a unified architecture. (ii) We introduce a multi-scale mask autoencoder that
quantizes the mask into multi-scale token maps, capturing hierarchical anatom-
ical structures. (iii) We present a next-scale autoregressive mechanism that
progressively predicts next-scale mask, enabling sufficient dependencies across
scales. (iv) We introduce a consensus-aggregation strategy that combines multi-
ple sampled results into a final mask, further improving segmentation robustness.
(v) Extensive experiments on two benchmark datasets with different modalities
demonstrate that AR-Seg outperforms state-of-the-art (SOTA) methods while
explicitly visualizing the intermediate coarse-to-fine segmentation process.

2 Methodology

Let  and y denote the medical image and its corresponding mask with C' target
classes, respectively. AR-Seg predicts the mask g in a next-scale autoregressive
manner, as shown in Fig. 1. Specifically, we first quantize y into K multi-scale
token maps via a multi-scale mask autoencoder, then apply a next-scale au-
toregressive mechanism to predict the next-scale mask progressively. Finally, a
consensus-aggregation strategy produces the final mask by combining multiple
sampled results. We then detail each component along with the training and
inference processes.

2.1 Multi-Scale Mask Autoencoder

To effectively capture hierarchical anatomical structures while preserving critical
discriminative information across scales, we propose a multi-scale mask autoen-
coder to progressively quantize the mask to token maps instead of aggressively
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Fig. 1. Illustration of the proposed AR-Seg.

downsampling it. The autoencoder consists of a mask encoder &5k (+), a mask
decoder Dpask (), and a token quantizer Q(-).

Mask quantized process. We first encode the mask y into a feature map
m = Enask(y). Then, we dynamically update the feature map m in a residual
manner [18,27] to enhance the token differences across K scales from coarse
to fine, and progressively quantize m into K multi-scale token maps, R =

(ri,72,...,7K). Specifically, the k-scale quantized process maps each element
of the mask residual feature map m to the nearest code index =" from a
learnable codebook Z of size V:

ri9) = Q(m ) = argmin, | lookup(Z, v) — m@ o, (1)

where lookup(Z,v) means taking the v-th vector in codebook Z. The detailed
quantized process is shown in Alg. 1.

Mask dequantized process. Based on the multi-scale token maps R, the
dequantized process first progressively dequantizes the token map to the corre-
sponding mask residual feature map 7 and then uses the mask decoder Dy ask (+)
to reconstruct the mask g, as shown in Alg. 2.

2.2 Next-Scale Autoregressive Mechanism

To explicitly model inter-scale dependencies in a unified architecture, we propose
a next-scale autoregressive mechanism based on multi-scale token maps. This
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Algorithm 1 Quantized process Algorithm 2 Dequantized process
1: Inputs: mask y, scales K, resolutions 1: Inputs: multi-scale token maps R,
(P, wi )by scales K, resolutions (hg,ws)i_;;

2: m = Enask(y), R=1]; 2: m = 0;

3: for k=1 to K do 3: for k=1to K do

4: 7, = Q(interpolate(m, hi, wg)); 4: r,, = queue_pop(R);

5: R = queue_ push(R, rx); 5: zr, = lookup(Z, ri);

6: zr = lookup(Z, ri); 6: zj, = interpolate(zk, hix, Wk );
7 zy, = interpolate(zy, hk, wk); T m=m+ ¢r(zk);

8: m=m — ¢p(2k); 8: end for

9: end for 9: Y = Dmask(T);

10: return multi-scale token maps R 10: return reconstructed mask y

mechanism employs a transformer-based [28] next-scale segmentor to reformulate
the medical image segmentation task as a conditional autoregressive process.

Specifically, we first use the pretrained MedSAM [21] as the image encoder
backbone, Eimage(+), followed by a parameter-efficient adapter to extract the cor-
responding image features. Instead of using a non-linear multi-layer perceptron
(MLP) directly, our adapter enhances the feature extraction through linear sin-
gular value decomposition (SVD) [15] to preserve more global image information,
producing the final image embedding f as:

f = MLP (gimage (w)) +SVD (gimage (w)) : (2>

Then, for each scale k, the next-scale segmentor Sp(-) with parameters 6
takes the target class ¢, the image embedding f, and all previously predicted
mask token maps as input to predict the k-scale token map. This process defines
the autoregressive likelihood of the segmentation as follows:

p(r17r27 .. 'arK) = Hﬁ(:lp()(rkhﬂlv"?? coeyTE—1,6, f) (3)

Note that the target class is also passed through adaptive layer normalization
(AdaLN) [13] to condition the segmentor. We highlight that this next-scale au-
toregressive mechanism can explicitly visualize the intermediate coarse-to-fine
segmentation process, helping clinicians improve Al confidence.

2.3 Consensus-Aggregation Strategy

To further improve segmentation performance and resolve ambiguity in chal-
lenging regions, we introduce a consensus-aggregation strategy. Specifically, we
first sample N multi-scale token maps, R™|)_;. For each element T in R", we
sample it from a multinomial distribution M, with probabilities generated by
the next-scale segmentor:

’l";:NM('I”Z;S@(Tl,TQ’---7rk—1ac7.f)>' (4)
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N_| into the corre-

through Alg. 2. Finally, these multiple sampled results

We then dequantize these N multi-scale token maps R"™
sponding masks g"|_;
are aggregated using a mean operation: y = % 25:1 9", which enhances the

model’s ability to handle ambiguous regions.

2.4 Detailed Procedure

Here, we provide the detailed training and inference procedures of our AR-Seg.

The training of AR-Seg counsists of two stages: multi-scale mask learning
and next-scale autoregressive learning. In the first stage, the multi-scale mask
autoencoder is trained by minimizing a compound loss £, which combines a
quantization constraint and a segmentation objective:

L = ||m—sg(m)||2+B|sg(m) —m||2 + Apice LDice (¥, ¥) + ABcELBCE(Y, ¥) (D)

quantization constraint segmentation objective

where (3 is the weight for the commitment loss [9], sg(-) denotes the stop-gradient
operation, while Lpice and Lpcg are the Dice [22] and binary cross-entropy
losses, with Apice and Agcg as their respective weights. In the second stage,
we train the next-scale segmentor optimized with cross-entropy loss [25] with
the frozen multi-scale mask autoencoder. A block-wise causal attention mask is
applied during training to ensure causality.

During inference, the next-scale segmentor iteratively generates token maps
based on the class and image embedding until the multi-scale token maps are
formed, which are then dequantized using Alg. 2 and passed through the consensus-
aggregation strategy to produce the final segmentation mask.

3 Experiment

3.1 Experimental Setup

Dataset and preprocessing. The experiments are conducted on two datasets:
LIDC-IDRI [8] and BRATS 2021 [3|. The LIDC-IDRI dataset comprises 1,018
lung CT scans, each annotated by four radiologists. These CT scans are prepro-
cessed using a standard pipeline and follow a train-validation-test split consistent
with prior studies [7,16]. Note that we randomly select one of four annotated
masks for each image during training. The BRATS 2021 dataset provides four
MRI modalities (T1, T2, FLAIR, and T1CE) per patient, which are concate-
nated along the channel axis to form a combined input for our experiments.
The preprocessing and train-test split follow previous studies [6]. Segmentation
performance is evaluated on three tumor types: necrotic tumor core (NT), peri-
tumoral edema (ED), and enhancing tumor (ET).

Implementation details. All experiments are implemented by PyTorch [24]
and trained on NVIDIA V100 GPUs. The multi-scale mask autoencoder is
trained for 100 epochs with a batch size of 128. While the next-scale segmentor is
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Table 1. Results on LIDC-IDRI. Table 2. Results on
Methods GED/| HM-IoU1 Soft-Dicet BRATS 2021. .
16 16 16 Methods Dicet
Prob.U-net [I6]  0.320  0.500 n Tonet [20] ZE %
Hprob.U-net [17] 0.270  0.530 0.624 )
D-Personal [30]  0.346  0.555 0.604 %nU nét [11;1][5] Zg'gg
CAR [14] 0.264  0.592 0.633 ranst-ne :
MR-Net [12] 0.658  0.447 0.616 ~ SwinUmet [4]  83.94
PADL [19)] 0.544  0.462 0.595 ~ MERIT [23] 83.02
MedSegDiff [29]  0.420  0.413 0.453 ~ MedSegDiff [2] ~ 82.81
BerDiff [7] 0.238  0.596 0.644  BerDiff [7] 85.42
PixelSeg [31] 0.260  0.587 - HiDiff [6] 85.80
AR-Seg (ours) 0.232 0.616 0.658  pR-Seg (ours) 86.97
Ground 1 Ground

D-Personal CAR PADL BerDiff PixelSeg AR-Seg Truth D-Personal CAR PADL BerDiff PixelSeg AR-Seg

Truth

' NN

.

<

Fig. 2. Qualitative results of two lung nodules from LIDC-IDRI. y* and g refer
to the i-th segmentation masks and the final consensus-aggregated masks, respectively.

trained for 300 epochs with a batch size of 32. Both networks employ the AdamW
optimizer [20] with an initial learning rate of 1 x 10~* and a cosine annealing
schedule. The loss weights 3, Apice, and Agcg, are empirically set to 0.25, 1, and
1, respectively. The number of scale K is set to 8. For performance evaluation,
we employ four metrics: Generalized Energy Distance (GED) [16], Hungarian-
Matched Intersection over Union (HM-IoU) [17], Soft-Dice [12], and Dice coeffi-
cient. GED is computed using varying numbers of segmentation samples (1, 4,
8, and 16), while HM-IoU and Soft-Dice are calculated using 16 samples.

3.2 Experimental Results

Comparison to SOTA methods. We evaluate our AR-Seg against other
SOTA methods on two datasets: LIDC-IDRI, to assess performance under inter-
radiologist variability, and BRATS 2021, to evaluate multi-class segmentation of
small lesions and ambiguous boundaries, using different performance metrics.

(i) Results on LIDC-IDRI. We compare AR-Seg with conditional variational
autoencoder-based methods like Prob. U-net [16], Hprob. U-net [16], and D-
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Fig. 3. Qualitative results of four MRI images from BRATS 2021. Only T1-
weighted images are shown for convenience.

Table 3. Ablation results of multi-scale mask autoencoder.

Single-scale Multi-scale
Class Nodules NT ED ET Nodules NT ED ET
Dicet 0.997 0.991 0.976  0.987 0.999 0.996 0.988 0.993

Personal [30], generative adversarial network-based CAR [14], multi-annotator
variability modeling techniques like MR-Net [12] and PADL [19], diffusion-based
models like MedSegDiff [29] and BerDiff [7], and pixel-wise autoregressive Pix-
elSeg [31]. From the quantitative results in Table 1, we draw three key obser-
vations as follows. (1) While many SOTA methods leverage U-shape cascaded
architectures to capture multi-scale features, their lack of inter-scale dependen-
cies hampers the segmentation. (2) Diffusion based methods, despite their ex-
plicit mask distribution modeling, still overlook multi-scale feature integration,
resulting in lower accuracy compared to AR-Seg. (3) By incorporating next-scale
prediction and explicit inter-scale dependency modeling, AR-Seg outperforms
pixel-wise PixelSeg. Qualitative results are shown in Fig. 2. Compared to other
models, AR-Seg accurately captures segmentation patterns. For the left example,
AR-Seg generates masks that align more closely with the ground truth, particu-
larly in capturing subtle prominences at the lower right of the nodules.

(ii) Results on BRATS 2021. We present quantitative and qualitative results in
Table 2 and Fig. 3, respectively, comparing AR-Seg with convolution-based meth-
ods (U-net [26] and nnU-net [11]), transformer-based approaches (TransU-net [5],
SwinU-net [4], and MERIT [23]), diffusion-based models (MedSegDiff [29] and
BerDiff [7]) and hybrid diffusion method (HiDiff [6]). First, while transformer-
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Table 4. Ablation results of next-scale autoregressive mechanism on LIDC-IDRI.

GED| HM-IoUt
Framework 16 8 4 1 16
Baseline 0.275 0.310 0.383 0.814 0.557
+ Next-scale autoregressive 0.239 0.277 0.348 0.745 0.595
+ SVD-based adapter 0.232 0.267 0.332 0.736 0.616

Next-scale mask prediction

G T G G G G G

8606066666

Fig. 4. Explicit segmentation process of AR-Seg.

based methods enhance image feature extraction, they fail to address the inher-
ent limitation of U-shaped architectures in modeling inter-scale dependencies,
resulting in inferior performance. Besides, although hybrid diffusion methods
refine masks using diffusion processes, their single-scale operation limits their
effectiveness, making them less accurate than AR-Seg. From Fig. 3, we observe
that AR-Seg achieves improved accuracy in ambiguous regions. For instance, in
the 3rd row, AR-Seg accurately segments a challenging tumor region.

Ablation study. We first conduct ablation experiments to evaluate the effec-
tiveness of the multi-scale mask autoencoder in Table 3. We introduce a single-
scale baseline, where the mask features are quantized into a single scale. The
results demonstrate that the multi-scale mask autoencoder achieves higher Dice
coefficients across all classes, owing to its multi-scale design, which enables learn-
ing a more robust representation through inter-scale mutual reinforcement.

We then conduct ablation studies on the next-scale autoregressive mechanism
using LIDC-IDRI in Table 4. We compare against a baseline that uses a single-
scale mask autoencoder and generates the mask via next-token prediction. When
shifting the next-token to next-scale objective, our AR-Seg largely outperforms
this baseline, demonstrating the benefits of the next-scale progression. Further
gains are observed by replacing the MLP adapter with our SVD-based adapter,
highlighting its contribution to more robust feature extraction.

Explicit segmentation process. We highlight the explicit segmentation ad-
vantage of AR-Seg, demonstrated in the qualitative results in Fig. 4, where the
process starts with an initial coarse mask and iteratively refines the boundaries.
For example, AR-Seg enhances the contextual relationships between tumor sub-
types in brain tumors as the scale increases.
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4 Conclusion

This paper introduces the autoregressive segmentation framework via next-scale
mask prediction, a novel approach for medical image segmentation that explic-
itly models inter-scale dependencies. By incorporating the multi-scale mask au-
toencoder, next-scale autoregressive mechanism, and the consensus-aggregation
strategy, AR-Seg not only achieves accurate segmentation but also provides vi-
sualization of the intermediate coarse-to-fine segmentation process. Experiments
on the LIDC-IDRI and BRAT'S 2021 show that AR-Seg outperforms SOTA meth-
ods. Future work will focus on integrating AR-Seg into clinical practice by ex-
ploring clinician-in-the-loop strategies to leverage its progressive capabilities.
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