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Figure 1. Sample and Parameter Efficiency of XTRA. (Left) XTRA-H/14 (0.6B parameters) outperforms prior state-of-the-art auto-regressive

image model (AIM-0.6B [26]) in top-1 average accuracy across 15 diverse image recognition benchmarks, despite being trained on 152× fewer

samples. (Right) XTRA-B/16 (85M parameters) outperforms prior auto-regressive image models trained on ImageNet-1k in linear and attentive

probing tasks, while using 7–16× fewer parameters.

Abstract

We introduce XTRA, a vision model pre-trained with a novel
auto-regressive objective that significantly enhances both sam-
ple and parameter efficiency compared to previous auto-
regressive image models. Unlike contrastive or masked image
modeling methods, which have not been demonstrated as hav-
ing consistent scaling behavior on unbalanced internet data,
auto-regressive vision models exhibit scalable and promising
performance as model and dataset size increase. In contrast to
standard auto-regressive models, XTRA employs a Block Causal
Mask, where each Block represents k×k tokens rather than
relying on a standard causal mask. By reconstructing pixel
values block by block, XTRA captures higher-level structural
patterns over larger image regions. Predicting on blocks al-
lows the model to learn relationships across broader areas of
pixels, enabling more abstract and semantically meaningful rep-
resentations than traditional next-token prediction. This simple
modification yields two key results. First, XTRA is sample-

efficient. Despite being trained on 152× fewer samples (13.1M
vs. 2B), XTRA ViT-H/14 surpasses the top-1 average accuracy
of the previous state-of-the-art auto-regressive model across
15 diverse image recognition benchmarks. Second, XTRA
is parameter-efficient. Compared to auto-regressive models
trained on ImageNet-1k, XTRA ViT-B/16 outperforms in linear
and attentive probing tasks, using 7–16× fewer parameters
(85M vs. 1.36B/0.63B).

1. Introduction
Auto-regressive models have played a foundational role in

recent advancements in Natural Language Processing (NLP).

The simplicity of their objective — predicting the next word

in a sequence based on its preceding context — allows these

models to capture intricate dependencies and complex patterns

over long sequences. This next-token prediction mechanism
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has proven highly effective, leading to the development of

models capable of sophisticated language understanding and

generation. Most importantly, auto-regressive language models

[10, 25, 38, 44, 45] demonstrate desirable scaling properties,

where downstream performance improves consistently as both

model capacity and data size grow [31].

In contrast, the progress in the field of Computer Vision (CV)

has been driven mostly by Contrastive Learning (CL) methods

[1, 11, 12, 14–17, 23, 28, 48], which aim to learn visual

representations by maximizing the similarity of two different

augmentations of the same image while simultaneously min-

imizing the similarity between different images; Masked Image

Modeling (MIM) methods [2–4, 6, 19, 29, 49], which focus on

predicting masked parts of an image based on its visible regions;

and various hybrid approaches that combine elements of both

[35, 50]. These methods, and specifically the hybrid approaches,

set the current state-of-the-art performance for self-supervised

visual representation learning. Despite their success, these

methods often rely on intricate training recipes involving

numerous tricks, such as multi-crop handcrafted augmentations,

momentum networks, schedules for teacher momentum and

weight decay, and complex regularization techniques like KoLeo

[40] and LayerScale [43]. These modifications can introduce

significant overhead, both in terms of computational resources

and implementation complexity. While some methods, like

DINOv2 [35], have shown promising scaling behavior, they

lack the consistent scaling laws [31] that are a hallmark of auto-

regressive models. For example, [41] demonstrated that, even

when scaling the pre-training dataset from 1M to 3B samples

using MAE ViT-H [29], the resulting improvement on down-

stream tasks is modest, with only a 0.5% gain on ImageNet1k

[22] and a 1.2% gain on iNAT-18 [46]. This limited scaling

effectiveness can impede these models’ capacity to sustain per-

formance gains as they increase in size or are trained on larger,

uncurated internet datasets, in contrast to the more predictable

scaling benefits observed in auto-regressive language models.

Auto-regressive image models [13, 26], like their language

counterparts, predict image pixels (or patches) sequentially

based on the preceding context. These models aim to learn

visual representations by capturing dependencies across

pixel or patch sequences. First, iGPT [13] demonstrated the

feasibility of self-supervised visual representation learning

using an auto-regressive model that predicts the next pixel.

Later, AIM [26], a model based on Vision Transformers (ViT),

demonstrated that auto-regressive models for images can

scale similarly to their NLP counterparts, offering a consistent

relationship between the model’s objective function and its

downstream task performance. This characteristic is crucial for

scalable visual representation learning, as it enables predictable

improvements as model size or dataset size increases. However,

despite their promising scaling properties, both iGPT and

AIM suffer from significant sample- and parameter-efficiency

drawbacks. iGPT, for example, required 7 billion parameters

to achieve results on par with contrastive models that operate

with 20 times fewer parameters. Similarly, AIM was trained

on a massive dataset of 2 billion samples, whereas contrastive

and MIM models can achieve competitive results with datasets

that are 150 times smaller. This inefficiency poses a substantial

barrier to their widespread adoption in resource-constrained

environments. These limitations highlight the need for more

efficient auto-regressive models for visual tasks.

In this work, we propose XTRA, an auto-regressive vision

model that leverages a Block Causal Mask to enhance sample

and parameter efficiency. By employing Block Causal Masking,

XTRA more effectively utilizes its modeling capacity to capture

low-frequency structures essential for object recognition, rather

than focusing on high-frequency details. Empirical results

demonstrate that this approach enables XTRA to learn abstract

and semantically meaningful representations using less data and

smaller model sizes.

The key contributions of this paper are:

• High sample efficiency. Although trained on 152× fewer

samples (13.1M vs. 2B), XTRA ViT-H/14 outperforms

the previous state-of-the-art auto-regressive model of the

same size in top-1 average accuracy across 15 diverse image

recognition benchmarks.

• High parameter efficiency. XTRA ViT-B/16 outperforms

auto-regressive models trained on ImageNet-1k in linear and

attentive probing tasks, while using 7–16× fewer parameters

(85M vs. 1.36B/0.63B).

2. Related Work

2.1. Contrastive Self-Supervised Learning
Contrastive Learning methods aim to maximize the similarity

of two handcrafted augmentations (also called views) of a given

image, while preventing collapse. Collapse is defined as the

trivial solution where all images in the dataset are assigned the

same vector representation. The various methods differ by the

way they prevent collapse. For instance, SimCLR [14, 15] tack-

les collapse by utilizing negative pairs, explicitly minimizing the

similarity between different images. MoCo [17, 28], BYOL [27]

and DINO [12], on the other hand, employ a momentum encoder

(also utilized beyond contrastive methods) to mitigate collapse.

SwAV [11] takes a different route by relying on an external clus-

tering algorithm to prevent collapse effectively. Self-Classifier

[1], meanwhile, counters collapse with the use of an explicit

uniform prior. Lastly, SimSiam [16] employs a stop-gradient

operation on one of the views as its means to avert collapse.

2.2. Generative Self-Supervised Learning
Generative self-supervised learning aims to learn representations

that enable the prediction of masked regions within a sample

based on the unmasked portions. While this paradigm has

seen remarkable success in Natural Language Processing

[10, 32, 38], it has recently made its way into the domain of
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Figure 2. XTRA Architecture. Following ViT [24] an image is partitioned into a sequence of patches (numbered grid) and processed by a standard

ViT encoder-decoder architecture with our proposed Block Causal Masking. I.e., causality is enforced at the block level with a rasterized pattern (see

Figure 3 for detailed explanation). In the example above a block represents 2×2 patches/tokens. The token representations within each block at the

output of the decoder are concatenated in a predetermined order such that each block of pixels is represented by a single embedding vector. Finally,

each block embedding vector is passed through an MLP (same MLP for all blocks) to predict all pixel values of the next block in the sequence.

computer vision. Generative learning approaches in Computer

Vision can be categorized into two categories, each with its

own techniques and objectives. These two categories are further

detailed in the following subsections.

2.2.1. Masked Image Modeling

Following the introduction of the Vision Transformer (ViT) by

[24], BEiT [6] extended the concept of masked language mod-

eling from NLP to visual tasks via a Masked Image Modeling

(MIM) approach, inspired by BERT [32]. BEiT partitions an im-

age into a grid of patches and tokenizes each patch into discrete

visual tokens using latent codes obtained from a pre-trained

discrete variational autoencoder [39] (dVAE). The objective

is to predict the masked visual tokens based on the unmasked

patches, mirroring BERT’s approach of recovering masked

words using the surrounding text context. iBOT [50] built on

BEiT by replacing the fixed dVAE tokenizer with an online

tokenizer, learned through a momentum encoder that is updated

during training. Furthermore, iBOT integrates contrastive learn-

ing, minimizing the similarity between two augmented views of

the same image to improve performance. Other BERT-inspired

methods, such as MAE [29] and SimMIM [49], deviate from

BEiT by abandoning discrete tokenization. Instead, they focus

on directly predicting the pixel values of masked patches.

MAE, in particular, adopts an asymmetric encoder-decoder

architecture, where the encoder processes only visible patches,

and a lightweight decoder reconstructs the missing patches

from the latent representation and mask tokens. This approach

has proven highly effective, demonstrating that pixel-level

reconstruction can achieve impressive results in self-supervised

visual learning. Further MIM approaches, such as data2vec

[3, 4] and I-JEPA [2], move away from pixel reconstruction loss

and instead predict the latent representations of masked regions

based on unmasked parts. These methods rely on a momentum

encoder to avoid collapse—preventing all patches from being

assigned the same representation. Lastly, Context Autoencoder

[19] (CAE) blends two pre-training tasks: (1) masked patch

reconstruction (as seen in MAE and SimMIM) and (2) masked

representation prediction (as seen in I-JEPA and data2vec).

2.2.2. Auto-Regressive Image Modeling

One of the early auto-regressive models for computer vision is

iGPT [13] (Image-GPT). It is a sequence Transformer designed

for auto-regressively predicting pixel values in images by

minimizing the negative log-likelihood over a fixed set of pixel

values. It represents a straightforward yet effective extension

of GPT [38] to image pixels. Although it did not surpass the

performance of state-of-the-art Contrastive Learning methods,

the main contribution of iGPT was demonstrating that the auto-

regressive paradigm can be smoothly extended from language to

vision. Primary limitations of iGPT, however, lie in its memory

and computation requirements. First, due the quadratic nature

of self-attention, processing a sequence of pixels in an image

is both memory and computationally expensive. Second, the

sample- and parameter-efficiency of iGPT is considerably low in

comparison to other self-supervised methods, as it requires more

than 15× more parameters and more than 78× more samples

for results to be competitive with self-supervised benchmarks

on ImageNet. A more recent work is AIM [26] (Auto-regressive

Image Models). AIM applies the standard auto-regressive

objective using a causal Vision Transformer to a sequence of

non-overlapping image patches (where a patch is embedded

linearly following ViT), and predicts the pixel values of the next

patch by minimizing the Mean Squared Error loss. The main

contribution of AIM was showing that auto-regressive image
models exhibit similar scaling properties to auto-regressive

language models. I.e., the performance of the learned visual

features scale with both the model capacity and the quantity of
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Figure 3. Block Causal Masking. In the image above the fine-grained

grid represents a grid of patches (following ViT [24]) that are processed

by the model. The coarse-grained (numbered) grid represents a grid

of blocks, where each block represents 4×4 patches/tokens. Block

Causal Masking enforces causality at the block level with a rasterized

pattern (numbered sequence), ensuring that tokens can attend to others

within the same block and also to preceding blocks.

data, and the value of the objective function correlates with the

performance of the model on downstream tasks. Yet, similarly

to iGPT, the sample- and parameter-efficiency, though improved,

is still low. Specifically, when trained on ImageNet-1k only,

AIM requires more than 7× more parameters in comparison

to other Contrastive and Masked Image Modeling methods for

competitive results (see Tab. 4). Additionally, for same model

size (e.g., ViT-H/14), AIM requires more than 150× more

samples for achieving stronger results on a diverse set of 15

image recognition benchmarks (see Tab. 3).

Building upon the foundation set by iGPT and AIM, our ap-

proach introduces an auto-regressive image model that leverages

a Vision Transformer architecture with a novel Block Causal

Mask (see Sec. 3). By processing blocks of image patches rather

than individual patches or pixels, XTRA makes more efficient

use of its modeling capacity to capture low-frequency structures

that enhance object recognizability, rather than focusing on

redundant high-frequency details. Empirically, this design

allows us to substantially enhance sample- and parameter-

efficiency (Tab. 3 and Tab. 4) while maintaining the simplicity

and scalability that characterize auto-regressive models.

3. Method

This section provides details on the XTRA architecture

(Figure 2), including its use of Block Causal Masking (Figure 3),

the training objective and loss function.

Architecture. XTRA is an encoder-decoder network, where

a Vision Transformer [24] (ViT) with Block Causal Masking
is used for both components.

Block Causal Masking. Block Causal Masking, visualized

in Figure 3, structures attention such that the image is divided

into spatial blocks of k×k tokens, with causality enforced at

the block level with a rasterized pattern. This structure allows

for: (1) auto-regressive modeling with image regions bigger

than a single patch size ; and (2) efficient modeling of both

local (within-block) and global (cross-block) dependencies,

ensuring that tokens can attend to others within the same block

and also to preceding blocks.

Next Block Reconstruction. At the output of the decoder,

the token representations within each block are concatenated

in a predetermined order (e.g., raster order) and passed through

a fully-connected MLP to reconstruct the pixel values of the

next block. This block-wise reconstruction strategy leverages

the structured attention, enabling accurate pixel prediction for

subsequent blocks based on previously processed regions.

Training Objective & Loss. The training objective employs

a standard auto-regressive approach, generating predictions

sequentially, where each block’s prediction is based solely on

previously observed blocks. The loss function used is the Mean

Squared Error (MSE) applied to pixel values normalized per

block, as per [26, 29]:

�(θ)=
1

N(K−1)

N∑

n=1

K∑

k=2

‖x̂nk(θ;xn<k)−xnk‖22, (1)

where, θ represents the network’s parameters, N is the batch

size, K denotes the number of blocks in an image, xnk is the

ground truth pixel values for the k-th block in the n-th image,

and x̂nk(θ;x
n
<k) represents the reconstructed values based on

the network parameters (θ) and the preceding blocks in the

sequence for the same image (xn<k).

4. Implementation Details
Default setting for the pre-training stage is in Table 1. Default

setting for the attentive probing stage is in Table 2. Our training

hyper-parameters are taken from AIM [26].

5. Quantitative Results
In this section, we evaluate the performance of XTRA in

comparison to state-of-the-art methods on two probing tasks:

linear (LIN) and attentive (ATT). The linear probing task

assesses the quality of the frozen pre-trained features by

training a simple linear classifier, while the attentive probing

task evaluates the ability to learn a lightweight attention

mechanism over these frozen representations. These tasks
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config ViT-B/16 ViT-H/14

Optimizer AdamW

Optimizer Momentum β1=0.9,β2=0.95

Peak learning rate 1e−3

Minimum Learning rate 1e−6

Weight decay 0.05

Batch size 2048

Patch size 16×16 px 14×14 px

Block size 64×64 px 56×56 px

Decoder width 768 640

Decoder depth 8

Gradient clipping 1.0

Drop path rate 0.2

Dataset ImageNet-1K ImageNet-21K

Warmup epoch 15 3

Total epochs 800 100

Learning rate schedule cosine decay

Augmentations:

RandomResizedCrop
size 256px 224px

scale [0.3, 1.0]

ratio [0.75, 1.33]

RandomHorizontalFlip p=0.5

Table 1. Pre-training hyperparameters.

config IN-1k Others

Optimizer AdamW

Optimizer Momentum β1=0.9,β2=0.999

Peak learning rate grid [1, 3, 5, 10, 15, 20, 40, 80] ×1e−4

Minimum Learning rate 1e−5

Weight decay 0.1

Batch size 4k [128, 256, 512]∗
Gradient clipping 3.0

Drop path rate 0.0

Warmup epochs 10 0

Epochs 100

Learning rate schedule cosine decay

Augmentations:

RandomResizedCrop
size 224px

scale [0.08, 1.0]

ratio [0.75, 1.33]

RandomHorizontalFlip p=0.5
AutoAugment rand-m9-mstd0.5-inc1

Table 2. Attentive probe hyperparameters. ∗: Small, medium and

large datasets (excluding imagenet) used batch sizes of 128, 256 and

512, respectively.

provide a comprehensive measure of how effectively the

pre-trained representations can be leveraged for downstream

image recognition tasks with minimal fine-tuning.

5.1. Transfer Learning
Table 3 summarizes the results of attentive probing across 15

diverse image recognition benchmarks. These benchmarks

cover a wide range of domains, including fine-grained recog-

nition, medical imaging, satellite imagery, natural environments,

and infographic images. This diversity highlights XTRA’s

robustness and adaptability across varied visual tasks. For

detailed hyperparameters see Table 2. Specific details of each

benchmark dataset are in Table 7 in the Appendix.

XTRA-H (ViT-H/14, 632M parameters), pre-trained on

ImageNet-21K (filtered to 13.1M samples due to broken URL

links), achieves superior or competitive performance on 9

out of 15 datasets, setting a new benchmark for generative

models with the highest average accuracy across tasks. Notably,

XTRA outperforms the previous state-of-the-art auto-regressive

model, AIM-0.6B [26], by 1.7% when compared to AIM-0.6B

trained on DFN-2B and by 0.6% against AIM-0.6B trained

on DFN-2B+ (80% DFN-2B and 20% ImageNet-1K). Despite

training on 152× fewer samples (13.1M vs. 2B), XTRA’s

sample efficiency enables it to learn rich, semantically

meaningful representations, which lead to these improvements.

5.2. ImageNet-1K
Here, we focus on models trained and evaluated exclusively

on ImageNet-1K.

In Table 4, we compare XTRA-B (ViT-B/16, 85M

parameters) to prior auto-regressive image models. Despite

having 16× fewer parameters, XTRA-B achieves a 5.0%

higher accuracy in the linear probing task compared to iGPT-L

(1.36B parameters). In the attentive probing task, XTRA-B

outperforms AIM-0.6B (0.63B parameters) by 3.3%, using

7.5× fewer parameters. These results demonstrate XTRA’s

high parameter efficiency, delivering superior performance with

a fraction of the model size, which translates to faster inference

times and lower computational costs.

Next, we compare XTRA-B with other state-of-the-art

models that utilize the same ViT-B/16 backbone (Table 5).

To ensure fair comparisons, we limit the analysis to models

trained with single-crop views and without image-specific

augmentations or multi-crop training. Under these conditions,

XTRA-B establishes a new state-of-the-art in both linear

and attentive probing tasks on ImageNet-1K. Consistent

improvements are observed across training durations of 300 and

800 epochs. Notably, XTRA-B trained for 800 epochs surpasses

both data2vec and MAE, which require 1600 epochs to train,

further highlighting XTRA’s ability to achieve competitive

results with significantly fewer training resources.

These findings underscore the advantages of the auto-

regressive pre-training objective used by XTRA, particularly in

terms of sample and parameter efficiency. XTRA achieves com-

petitive results with reduced training time and computational

resources, making it a highly efficient approach compared to

previous methods.

6. Ablation Study
In this section, we evaluate the impact of the main components

of XTRA. For each experiment, we pre-train a ViT-B/16 model

for 100 epochs, followed by a supervised attentive probing

training stage using the ImageNet-1K training set. We report

the attentive probing accuracy on the ImageNet-1K validation

set in Table 6.
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methods using extra view data augmentations
DINO [12] ViT-B/8 IN-1k 19.2 80.1 66.0 97.8 87.3 89.5 78.4 92.3 89.2 58.5 93.7 90.2 6.1 98.2 57.0 41.1 75.0

iBOT [50] ViT-L/16 IN-21k 1.4 83.5 70.5 99.2 93.3 93.5 81.6 92.8 90.8 61.8 94.5 90.0 5.9 98.0 60.3 47.7 77.6

methods without view data augmentations
— masked image modeling methods

BEiT [6] ViT-L/14 IN-21k 4.2 62.2 44.4 94.4 78.7 79.0 64.0 80.9 69.5 52.0 92.8 88.2 4.2 97.5 47.7 25.9 65.4

MAE-H [29] ViT-H/14 IN-1k 8.0 80.9 64.6 97.1 85.8 90.2 78.1 95.0 93.7 58.1 94.2 89.8 5.4 98.1 56.9 42.2 75.3

— auto-regressive image modeling methods

AIM-0.6B [26] ViT-H/14 DFN-2B 20.7 – – – – – – – – – – – – – – – 74.5

AIM-0.6B [26] ViT-H/14 DFN-2B+ 20.7 78.5 64.0 97.2 86.8 90.1 80.1 93.0 93.0 57.9 94.3 90.0 7.8 98.4 58.3 45.2 75.6

XTRA-H (ours) ViT-H/14 IN-21k 5.8 80.9 67.0 98.2 90.0 90.8 79.7 93.7 93.1 59.5 93.3 90.0 5.7 98.5 58.6 43.9 76.2

Table 3. Downstream evaluation with a frozen trunk. Similarly to AIM, We assess the quality of XTRA by evaluating against a diverse set of 15

image recognition benchmarks (specific details of each dataset are in Table 7 in the Appendix). XTRA and the baseline methods are evaluated using

attentive probing with a frozen trunk. The attentive probing results for all other methods are from AIM [26]. †: Computational cost is estimated

using Parameters×Samples×Epochs×V iews2×Tokens2 (see Section 11 in Appendix for detailed explanation of this formula).

Method # Params (M) LIN ATT
iGPT-L† [13] 1362 65.2 -

AIM-0.6B [26] 600 - 73.5

XTRA (ours) 85 70.2 76.8

Table 4. Comparison to previous Auto-Regressive Image Modeling
methods. LIN: linear probing accuracy. ATT: attentive probing

accuracy. All models were pre-trained and evaluated with ImageNet-1k.

†: iGPT use linear probing by concatenating the output of 5 layers,

which indirectly inflates the capacity of the evaluation head.

Block size & multi-block prediction. Block size is a critical

component of XTRA. Table 6a shows results for various block

sizes: 16×16, 32×32, and 64×64 pixels, corresponding to a

single token/patch, 2×2 tokens, and 4×4 tokens, respectively.

We also experimented with ‘multi-block’ prediction, where mul-

tiple blocks are predicted based on prior context (e.g., predicting

the next two blocks). As shown, this does not significantly

impact the results, except in the case of a single token versus

two tokens (as seen in the first row of the table). When the block

size is set to a single patch/token (16×16 pixels), it replicates

the standard auto-regressive image model (AIM [26]), with

all other training details kept identical. Notably, increasing the

block size has a substantial effect on performance, with a 3.0%

accuracy improvement when comparing a block size of 16×16

pixels (AIM re-implementation) to 64×64 pixels (XTRA). This

demonstrates the clear benefits of XTRA and our proposed

Block Causal Masking in auto-regressive image models.

Impact of block size relative to resolution. To further

explore the impact of block size, we evaluate various block

sizes in relation to the image resolution, as shown in Table 6b.

Specifically, we compare two different resolutions (224 and

256 pixels) with corresponding patch sizes of 14 and 16 pixels,

respectively. We observe that when the block size to resolution

ratio is kept constant across experiments (as reflected in each

row of the table), the results remain consistent, particularly

when the block size to resolution is sufficiently large (e.g.,

4/256 or 16/256). This consistency holds even when the patch

size, image size, and absolute block size (in pixels) differ,

suggesting that for auto-regressive image models, the block size

to resolution ratio is the key factor determining performance,

rather than the absolute block size.

Loss function. In Table 6c, we compare L1 loss (Mean

Absolute Error) with L2 loss (Mean Squared Error). The results

show that L2 loss outperforms L1 loss (+1.0%).

Auto-regressive pattern. In Table 6d, we compare the simple

raster pattern with a fixed random pattern. The results indicate

that the raster pattern significantly outperforms the random

pattern, with an improvement of 11.9%. We hypothesize that

this large margin arises from the substantial difficulty introduced

by randomizing the sequence of blocks in the auto-regressive

prediction task. For example, certain random permutations

may force the model to predict the top-left block of pixels

based solely on the bottom-right block, an arrangement which,
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Method Epochs LIN ATT
methods using extra augmented views�

MoCo-v3 [18] 300 76.2 77.0

DINO [12] 400 77.3 77.8

iBOT [50] 400 79.5 79.8

methods using extra masked views�

I-JEPA [2] 600 70.9 -

StoP [7] 600 72.6 -

methods with a single view
MAE [29] 300 61.5 71.1

CAE† [19] 300 64.1 73.8

XTRA (ours) 300 66.1 74.3
SimMIM [49] 800 56.7 -

MAE [29] 1600 67.8 74.2

Data2Vec [3] 1600 68.0 -

CAE† [19] 800 68.6 75.9

XTRA (ours) 800 70.2 76.8

Table 5. ViT-B ImageNet-1k evaluation with a frozen trunk. All

models were trained and evaluated exclusively on ImageNet-1K.

LIN: linear probing accuracy. ATT: attentive probing accuracy. �:

I-JEPA and StoP use multi-mask views. For each 1 context block

mask, 4 target blocks masks are sampled; both results are taken from

StoP [7] for linear probing using the single last layer. �: MoCo-v3,

DINO and iBOT use multi-crop hand-crafted view augmentations.

MoCo-v3: 2 crops. DINO and iBOT: 12 crops. Thus, the number of

effective epochs for both � and � is larger (equivalent to taking a larger

number of epochs compared to one-crop augmentation). In contrast,

Data2Vec, MAE, CAE and XTRA use a single view without any

image-specific augmentations (i.e., only random crops). The attentive

probing results for all other methods are from CAE [19]. †: denotes

using the DALL-E tokenizer (trained with d-VAE on 400M images).

for non-object-centric images, may yield an unsolvable task

and limit the model’s ability to learn semantically meaningful

representations. By contrast, predicting the next nearest block

in raster order is generally feasible, even with only a single

prior block as context, allowing for more coherent learning.

Decoder depth & width. Unlike previous auto-regressive

image models (AIM and iGPT), which use only an encoder,

XTRA is an encoder-decoder architecture. Although the

decoder is not crucial to XTRA’s success, it serves two purposes:

(1) as observed in previous works (e.g., AIM and MAE), the

final encoder layers often specialize in pixel reconstruction

rather than semantic recognition, so adding a decoder can

localize this reconstruction specialization, allowing the encoder

output to retain more abstract representations; and (2) it

enables down-sampling of the embedding size before pixel

predictions, improving reconstruction efficiency. In Table 6e

and Table 6f, we assess the impact of the decoder’s depth and

width. The results show that when the width is fixed at 384

(half the encoder’s width), the decoder depth has little effect

on performance. However, with a fixed depth, increasing the

width to 768 (matching the encoder’s width) yields a substantial

2.0% performance improvement. Notably: (1) as with previous

methods, the decoder is used only during pre-training for

block reconstruction, ensuring that linear/attentive probing

comparisons with other methods remain fair; and (2) in

Table 6a, we also re-implement AIM with an encoder-decoder

structure, validating that XTRA’s Block Causal Masking

provides performance gains irrespective of architecture.

7. Discussion
Our model employs Block Causal Masking to improve both sam-
ple efficiency and parameter efficiency by structuring autore-

gressive attention to better align with the 2D structure of images.

Sample efficiency. Standard autoregressive models process

tokens sequentially, making it inefficient to capture local spatial

structure. In contrast, our block causal mask groups tokens

into local regions, allowing unrestricted intra-block attention
while enforcing causality between blocks. This design

improves sample efficiency by explicitly modeling local pixel

dependencies, which reduces the number of training samples

required to learn meaningful representations. Additionally, by

allowing free attention within each block, local structures are

captured in fewer autoregressive steps, making representation

learning faster and requiring less data to generalize effectively.

Parameter efficiency. The block-wise autoregressive

factorization also enhances parameter efficiency by reducing

the depth needed to model long-range dependencies. Since

tokens within a block attend freely to each other, information

propagates efficiently without requiring excessively deep

hierarchies. This leads to a more compact and computationally

efficient model, as local structures are captured without

redundant layers or parameters.

Empirical Validation. These theoretical advantages manifest

in practical improvements. As shown in Section 5, models with

block causal masking achieve higher accuracy with fewer
training samples and perform competitively even with fewer

parameters compared to fully autoregressive baselines.

8. Qualitative Results
XTRA captures semantically meaningful representations by

learning to predict unseen pixel values based on prior contextual

information. In Figure 4, we present visualizations of the

generative capabilities of XTRA to better understand the

model’s learned knowledge visually. Although XTRA’s primary

focus is on representation learning rather than generating

photorealistic images, these visualizations offer valuable

insights into the model’s predictive reasoning. Notably, the
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# of blocks to predict

block size 1 2

16×16 64.6 65.1

32×32 67.4 67.3

64×64 67.6 67.4

(a) Block size (pixels) & multi-block prediction.

res.|patch size

block / res. ratio 256|16 224|14

1/256 64.6 65.2

4/256 67.4 67.3

16/256 67.6 67.7
(b) Block size relative to resolution.

Function Accuracy

L1 (MAE) 66.6

L2 (MSE) 67.6

(c) Loss function.
AR Pattern Accuracy

Fixed Random 55.7

Raster 67.6

(d) Auto-regressive pattern.

blocks Accuracy

1 67.4

2 67.9
4 67.6

8 67.6

16 67.8

(e) Decoder depth.

width Accuracy

192 67.1

384 67.6

576 67.8

768 69.6

(f) Decoder width.

Table 6. Ablation study. Default settings for ablation baseline are marked in gray . Best in bold.

Figure 4. Visualization of XTRA’s Predictions on the ImageNet-1k Validation Set. XTRA generates predictions auto-regressively, producing

one block of pixels at a time, with each new block conditioned on the preceding sequence of ground-truth blocks. Note that no loss is applied
to the left upper block (first in sequence), yet it is of different color from image to image due to post-generation per block de-normalization, since
loss is applied to normalized block pixels.

effects of the Block Causal Mask are immediately observable:

some blocks lack details of entire objects due to limited

information from previous image blocks. Yet, even with these

gaps, the predictions remain plausible given the current context.

9. Summary
Recent advancements in Deep Learning have focused on simple,

efficient, and scalable algorithms. Notably, the field of Natu-

ral Language Processing (NLP) has made remarkable progress

by scaling architecture, data, and compute resources. In this

work, we aimed to create a similarly simple, efficient, and scal-

able approach for the field of Computer Vision, inspired by

the successful scaling strategies applied to auto-regressive lan-

guage models. We proposed XTRA, an auto-regressive image

model that employs a novel Block Causal Masking technique.

This model predicts the next block of pixels based on prior

context, demonstrating significant improvements in sample and

parameter efficiency compared to existing auto-regressive image

models. Specifically, our empirical results indicate that XTRA

achieves 152× greater sample efficiency and 7–16× improved

parameter efficiency. We hope our work inspires further explo-

ration in scalable auto-regressive models for Computer Vision.
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Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez, Daniel

Haziza, Francisco Massa, Alaaeldin El-Nouby, et al. Dinov2:

Learning robust visual features without supervision. arXiv
preprint arXiv:2304.07193, 2023. 2

[36] Omkar M Parkhi, Andrea Vedaldi, Andrew Zisserman, and CV

Jawahar. Cats and dogs. In 2012 IEEE conference on computer
vision and pattern recognition, pages 3498–3505. IEEE, 2012. 1

[37] Xingchao Peng, Qinxun Bai, Xide Xia, Zijun Huang, Kate

Saenko, and Bo Wang. Moment matching for multi-source do-

main adaptation. In Proceedings of the IEEE/CVF international
conference on computer vision, pages 1406–1415, 2019. 1

[38] Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario

Amodei, Ilya Sutskever, et al. Language models are unsupervised

multitask learners. OpenAI blog, 1(8):9, 2019. 2, 3

[39] Jason Tyler Rolfe. Discrete variational autoencoders. arXiv
preprint arXiv:1609.02200, 2016. 3

[40] Alexandre Sablayrolles, Matthijs Douze, Cordelia Schmid, and
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