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Abstract. Recent advances in self-supervised visual representation learn-
ing have demonstrated the effectiveness of predictive latent-space objec-
tives for learning transferable features. In particular, Image-based Joint-
Embedding Predictive Architecture (I-JEPA) learns representations by
predicting latent embeddings of masked target regions from visible con-
text. However, it predicts target regions in parallel and all at once, lack-
ing ability to order predictions meaningfully. Inspired by human visual
perception, which attends selectively and progressively from primary to
secondary cues, we propose DSeq-JEPA, a Discriminative Sequential
Joint-Embedding Predictive Architecture that bridges latent predictive
and autoregressive self-supervised learning. Specifically, DSeq-JEPA in-
tegrates a discriminatively ordered sequential process with JEPA-style
learning objective. This is achieved by (i) identifying primary discrim-
inative regions using an attention-derived saliency map that serves as
a proxy for visual importance, and (ii) predicting subsequent regions
in discriminative order, inducing a curriculum-like semantic progression
from primary to secondary cues in pre-training. Extensive experiments
across tasks – image classification (ImageNet), fine-grained visual cate-
gorization (iNaturalist21, CUB, Stanford Cars), detection/segmentation
(MS-COCO, ADE20K), and low-level reasoning (CLEVR) – show that
DSeq-JEPA consistently learns more discriminative and generalizable
representations compared to I-JEPA variants.

Keywords: Discriminative sequential prediction · Joint-embedding pre-
dictive architecture · Self-supervised learning

1 Introduction

Self-supervised learning (SSL) has become a powerful paradigm for learning
robust and transferable visual representations from unlabeled data. Early ad-
vances in contrastive learning [1–3] and masked image modeling [4–6] showed
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Fig. 1: Overview of the key differences between I-JEPA and DSeq-JEPA.
I-JEPA predicts embeddings of randomly sampled target regions in a parallel and
independent manner. In contrast, DSeq-JEPA ranks regions by attention and predicts
region embeddings sequentially from high- to low-attention regions. Patches shown are
only for illustration; the model predicts region embeddings rather than raw pixels.

that representations learned without manual annotation can rival supervised
pretraining on many downstream tasks. More recently, Joint-Embedding Pre-
dictive Architectures (JEPAs) [7] have shifted the objective from contrasting in-
stances or pixel reconstruction to latent-space prediction, offering a scalable and
information-preserving formulation. Among these, I-JEPA [8] has emerged as a
compelling framework for learning high-level visual representations through la-
tent prediction of masked target regions. Despite its effectiveness, I-JEPA treats
target regions largely uniformly and independently during pre-training.

In practice, visual information is rarely uniform: some regions carry primary
semantic cues (e.g ., object-defining parts), while others provide secondary or
contextual evidence. Moreover, visual perception is often selective and sequential,
attending first to salient cues and then refining interpretation using additional
context. This motivates a key research question:

Can predictive self-supervised learning benefit from an explicit notion of where
and in what order to make predictions?

In this work, we answer this question affirmatively and propose Discrimina-
tive Sequential Joint-Embedding Predictive Architecture (DSeq-JEPA), a new
self-supervised pretraining framework that introduces a discriminative sequential
inductive bias that is (loosely) motivated by human perception. This paradigm
bridges two previously distinct lines of self-supervised learning: predictive model-
ing (JEPA-style) and auto-regressive next region prediction (iGPT-like [9]). Our
key idea is to impose structure on target predictions by prioritizing semantically
informative regions and predicting them in a progressive order. As illustrated in
Figure 1, DSeq-JEPA first derives an attention-based saliency map to estimate
visual importance and identify primary discriminative regions (where to attend),
instead of I-JEPA’s uniform sampling. It then performs sequential latent pre-
dictions over these regions from the most discriminative to the least (in what
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order), rather than I-JEPA’s flat, independent predictions. Ultimately, DSeq-
JEPA yields a curriculum-like semantic progression from primary to secondary
cue during pre-training.

The proposed design is motivated by two complementary observations. First,
where the model predicts matters: focusing on discriminative regions can con-
centrate learning on informative content instead of treating all targets equally.
Second, in what order the model predicts matters: sequential prediction encour-
ages progressive representation building, where earlier high-value cues support
subsequent predictions. Importantly, these components are synergistic: discrim-
inative region selection provides an informative ordering prior, and sequential
latent prediction converts this prior into a structured self-supervised learning
signal. From this perspective, DSeq-JEPA can be viewed as breaking the permu-
tation symmetry over target regions implicit in independent region prediction
and replacing it with a semantically meaningful prediction order.

We validate the effectiveness of DSeq-JEPA through extensive experiments
across diverse downstream tasks and evaluation settings. Compared with I-JEPA
variants, DSeq-JEPA consistently improves transfer performance on image classi-
fication (ImageNet), fine-grained visual categorization (iNaturalist21, CUB-200-
2011, Stanford Cars), dense prediction tasks including detection and segmen-
tation (MS-COCO, ADE20K), and low-level reasoning benchmarks (CLEVR).
Beyond quantitative gains, qualitative analyses show that DSeq-JEPA attends to
and predicts more discriminative regions, while ablations demonstrate that both
discriminative region selection and sequential latent prediction are necessary and
that their combination yields the strongest improvements.

Contributions: Our contributions can be summarized as follows:
- We introduce DSeq-JEPA, a JEPA-based self-supervised pre-training frame-

work that augments latent predictive learning with discriminative region
prioritization and sequential next-region embedding prediction.

- We propose an attention-derived saliency-based mechanism to identify infor-
mative regions and construct a discriminative prediction order, enabling a
curriculum-like progression from primary to secondary cues.

- Through extensive experiments and ablations, we show that DSeq-JEPA con-
sistently improves over strong baselines across classification, fine-grained recog-
nition, dense prediction, and low-level reasoning benchmarks.

By explicitly modeling both where and in what order to predict, DSeq-
JEPA advances joint-embedding predictive learning toward a more selective and
progressive form of self-supervised visual pre-training.

2 Related Work

Self-supervised learning (SSL) has become a central paradigm for learning trans-
ferable visual representations from unlabeled data. Existing SSL methods can
be broadly grouped into three families:
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Joint-Embedding Architectures are designed to bring the embeddings closer
together for compatible inputs, and push the embeddings further apart for in-
compatible ones. This includes: (i) contrastive learning approaches, e.g., Sim-
CLR [1], MoCo [2, 3, 10], and SwAV [11], which form the foundation of this
paradigm, optimizing instance-level discrimination via large batches or memory
banks; and (ii) non-contrastive approaches, e.g., BYOL [12], SimSiam [13], which
further show that strong representations can emerge without explicit negatives
via asymmetric prediction and momentum-based designs that avoid collapse.

Generative Architectures aim to reconstruct a target signal y (e.g., pix-
els, or patches) from a related input signal x by employing a decoder network.
Masked image modeling serves as a prominent technique in this category, in-
cluding MAE [4], BEiT [5], SimMIM [6], and iGPT [9], where models learn to
fill in masked regions of an image. Although highly effective for representation
learning, their objectives are driven by content reconstruction, which can allo-
cate substantial modeling capacity to low-level appearance recovery rather than
directly encouraging high-level semantic abstraction. Notably, iGPT [9] adopts
an autoregressive formulation that predicts image tokens sequentially. Relatedly,
RandSAC [14] explores self-supervision through random segments with autore-
gressive coding, suggesting that sequential prediction can serve as a useful in-
ductive bias for visual representation learning. However, these approaches do not
explicitly model which regions are more informative and reconstruct pixels.

Joint-Embedding Predictive Architectures formulate SSL as prediction in
latent embedding space, i.e., predicting the embedding of a target signal from a
compatible context signal through a predictor, rather than reconstructing pixels.
By operating in the latent space, JEPAs encourage abstraction and provide a
scalable predictive learning framework. I-JEPA [8], the image-based instantia-
tion, predicts latent embeddings of masked target regions from visible context
using a lightweight predictor, avoiding both pixel-level reconstruction and con-
trastive pairing. DMT-JEPA [15] changes the context/target embeddings by ag-
gregating features of semantically similar neighboring patches, mainly changing
what latent target is predicted. C-JEPA [16] further augments the JEPA formu-
lation with contrastive objectives to improve training stability and invariance
alignment, while LeJEPA [17] aims to provide a more principled and heuristic-
free formulation.

Despite their strong abstraction capabilities, existing JEPA-based image pre-
training methods treat target regions largely uniformly and predict them inde-
pendently, without an explicit mechanism to determine which regions are most
discriminative or in what order predictions should proceed. As shown in Figure 2,
DSeq-JEPA aims to improve JEPA-based representation learning by introduc-
ing two complementary inductive biases: (i) discriminative region prioritization
(where to predict), which biases prediction toward informative target regions in-
stead of uniform target sampling, and (ii) sequential latent prediction (in what
order to predict), which replaces flat unordered prediction with a structured
sequential predictive process. Compared with generative autoregressive models
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Fig. 2: (A) I-JEPA predicts embeddings of target regions (y1, . . . , yN ) from a context
region x, using a predictor network. In contrast, (B) DSeq-JEPA uses an attention
map to identify and select primary discriminative regions (where), and then performs
sequential latent prediction from the most discriminative to the least (in what order),
through a predictor to predict the embeddings of the next discriminative regions {R2,
. . . , RN} based on the sequence of identified regions.

such as iGPT [9], DSeq-JEPA operates in the latent space rather than recon-
structing image tokens, and uses a discriminative region ordering rather than a
fixed token order.

3 Methodology

3.1 Overall Framework

Our overall framework is illustrated in Figure 2. Our goal is to enhance self-
supervised learning by introducing a preferential strategy for predictive region
selection and an explicit prediction order. To this end, we propose a framework
that explicitly models both where to predict and in what order predictions should
proceed. As shown in Figure 3, the framework comprises two key components:
(1) Discriminative Region Prioritization, which produces an attention-derived
saliency map to identify informative regions (where to predict) and to derive
importance scores for ranking the selected regions (in what order to predict);
and (2) Sequential Next-Region Embedding Prediction, which performs latent
prediction sequentially from the most discriminative region to the least.

3.2 Discriminative Region Prioritization

Given an input image, we first generate an attention-derived saliency map A us-
ing the target encoder, which provides spatial guidance for locating informative
visual content. Specifically, the saliency map is computed from the similarity be-
tween the auxiliary class token and patch embeddings at a selected transformer
block, highlighting patches that contribute strongly to global image semantics.
Formally, given an image x ∈ RC×H×W , we feed it into the target encoder fϕ̄,
obtaining feature embeddings s = fϕ̄(x) ∈ RD×h×w, where D is the embedding
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Fig. 3: Overview of DSeq-JEPA. Given an input image, the target encoder fϕ̄
produces an attention-derived saliency map used to select and rank the top N dis-
criminative regions R = {Rk}Nk=1 (Discriminative Region Prioritization). The context
encoder fϕ then encodes these regions, and the predictor gθ performs Sequential Next-
Region Embedding Prediction: at step k, it predicts the embedding of Rk+1 from the
context features of previous regions and the positional token pRk+1 , and aligns it with
the corresponding target-encoder embedding using latent prediction loss Lpred.

dimension, and h,w denote the number of vertical and horizontal patches, re-
spectively. We compute a similarity map A ∈ Rh×w between the embeddings of
the class token and all patches at the l-th transformer block. While we use this
simple similarity-based attention for region selection, the formulation is general
and can accommodate other attention mechanisms that provide semantically
meaningful guidance (See Table 7). We then normalize A to Ã using Eq. (1),

Ã =
A−min(A)

max(A)−min(A)
, (1)

and apply Otsu’s method [18], which adaptively selects a data-driven threshold
per image, to obtain a binary mask,

M(i, j) = 1
[
Ã(i, j) ≥ τ

]
. (2)

We apply connected-component labeling to M under a relaxed connectivity cri-
terion (8-neighborhood) to obtain the candidate set {Rk}. After removing small
components (|Rk| < 0.15hw), each remaining region is assigned a discriminative
score ρk defined as the average normalized saliency response within the region
(Eq. (3)),

ρk =
1

|Rk|
∑

(i,j)∈Rk

Ã(i, j). (3)
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Algorithm 1: Discriminative Region Prioritization
Input: Saliency map A, current epoch t, total pre-training epochs T
Output: Discriminative regions {Rk}Nk=1

1 Compute λ← min
(
1,max(0, t/T )

)
;

2 Normalize A to Ã via Equation (1);
3 Obtain binary mask M, connected regions {Rk};
4 Compute discriminative score ρk for each region via Equation (3);
5 Select top-N regions R = {Rk}Nk=1;
6 for k = 1 to N do
7 Sample bk ∼ Bernoulli(λ);
8 if bk = 1 then
9 Rk := Rk;

10 else
/* Randomly sample region with center(u, v) and size(w, h) */

11 Rk := R(u,v,w,h);

12 return {Rk}Nk=1

Unlike prior works [7, 16], we employ irregular, non-overlapping masks for the
extracted regions. We rank regions by ρk, select the top N−1 regions as primary
discriminative regions, and define the final region RN as the remaining image
area to ensure complete image coverage:

R = {Rk}Nk=1, RN = Ω \
N−1⋃
k=1

Rk, (4)

where Ω denotes the full image region. This ensures complete coverage of the
image without gaps, yielding more stable and discriminative region-based rep-
resentation learning.

To improve stability when saliency maps are noisy early in pre-training, we
adopt a probabilistic curriculum. Specifically, the probability λ of applying dis-
criminative region selection is linearly increased from 0 to 1 over pre-training
epochs, so that each sample uses our discriminative region selection with prob-
ability λ and random region sampling with probability 1 − λ. This progressive
transition stabilizes optimization and gradually shifts the model from diffuse
attention to structured saliency (see Algorithm 1).

3.3 Sequential Next-Region Embedding Prediction

Given the ranked discriminative regions, DSeq-JEPA predicts the next-region
embeddings sequentially from the most discriminative region to the least. Let
R = {Rk}Nk=1 denote the selected regions sorted in descending order of discrimi-
nativeness. At each step k ∈ {1, . . . , N−1}, the predictor gθ estimates the latent
embedding of the (k+1)-th region, ŝRk+1

, conditioned on the representations of
the preceding discriminative regions from the context encoder, hR1

, . . . ,hRk
,
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together with the positional token pRk+1
of the next target region:

ŝRk+1
= gθ(pRk+1

,hR1 , . . . ,hRk
). (5)

Compared with I-JEPA’s flat, independent target prediction, this formulation
introduces ordered dependencies across regions and yields a structured and or-
dered sequential latent prediction process.

3.4 Training Objective

To enforce the alignment between the predicted representation ŝRk+1
and its

ground-truth counterpart sRk+1
, we adopt the smoothed ℓ1 (Huber) loss. For-

mally, the sequential latent prediction objective is defined as

Lpred =
1

N − 1

N−1∑
k=1

D∑
j=1

ψ
((

ŝRk+1
− sRk+1

)
j

)
, (6)

ψ(x) =

{
1
2x

2, |x| < δ,

δ
(
|x| − 1

2δ
)
, |x| ≥ δ,

δ = 1. (7)

Here, D denotes the embedding dimension, and (·)j indexes the j-th feature di-
mension. This objective encourages stable and discriminative alignment between
predicted and target embeddings, making sequential latent prediction smooth
while remaining robust to outliers.

4 Experiments

4.1 Evaluation setup

To comprehensively evaluate the effectiveness of DSeq-JEPA in learning discrim-
inative and transferable visual representations, we pre-train all self-supervised
models on ImageNet-1K [19] using the standard protocol from I-JEPA [8] and
C-JEPA [16]. We evaluate on five downstream benchmark groups: (1) image
classification (ImageNet-1K [19]); (2) fine-grained visual categorization (iNat-
uralist21 [20], CUB-200-2011 [21], and Stanford Cars [22]); (3) object detec-
tion and instance segmentation (MS-COCO [23]); (4) semantic segmentation
(ADE20K [24]); and (5) low-level reasoning (CLEVR [25]). We follow I-JEPA/C-
JEPA pre-training and evaluation protocols whenever applicable for fair com-
parison.

4.2 Main Results

Image classification and fine-grained visual categorization. Table 1 re-
ports results for linear probing and full fine-tuning on ImageNet-1K, together
with fine-grained visual categorization (iNat21, CUB, and Cars). Linear prob-
ing on ImageNet-1K is a standard SSL evaluation protocol and directly reflects
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Table 1: Linear probing and full fine-tuning evaluations. We report Top-1 accu-
racy on image classification (ImageNet) and fine-grained visual categorization (iNat21,
CUB, Cars). Average performance across all datasets is reported in the last column.

Method Arch. Epochs Image Classification FGVC Overall Avg.Linear Fine-tune iNat21 CUB Cars

Methods without view data augmentations
MAE [4] ViT-B/16 1600 68.0 83.6 33.5 59.8 60.2 61.0
I-JEPA [8] ViT-B/16 600 72.4 83.5 35.9 65.3 65.9 64.6
DSeq-JEPA ViT-B/16 600 73.5 +1.1 84.0 +0.5 36.4 +0.5 66.2 +0.9 67.3 +1.4 65.5 +0.9

C-JEPA [16] ViT-B/16 600 73.5 84.2 36.2 64.9 66.1 65.0
DSeq-C-JEPA ViT-B/16 600 73.8 +0.3 84.3 +0.1 36.6 +0.4 66.5 +1.6 67.4 +1.3 65.7 +0.7

NEPA [26] ViT-B/14 1600 - 83.8 - - - -

MAE [4] ViT-L/16 1600 76.0 85.9 37.1 63.4 61.9 -
I-JEPA [8] ViT-L/16 600 77.1 86.6 38.8 66.9 68.1 67.5
DSeq-JEPA ViT-L/16 600 77.9 +0.8 86.8 +0.2 39.5 +0.7 68.1 +1.2 68.9 +0.8 68.2 +0.8

C-JEPA [16] ViT-L/16 600 78.0 86.9 39.0 65.8 67.7 67.5
DSeq-C-JEPA ViT-L/16 600 78.4 +0.4 87.2 +0.3 39.7 +0.7 68.3 +2.5 68.8 +1.1 68.5 +1.0

NEPA [26] ViT-L/14 800 - 85.3 - - - -

MAE [4] ViT-H/14 1600 77.2 - - - - -
I-JEPA [8] ViT-H/16448 300 81.1 87.1 38.9 67.2 67.7 68.4
DSeq-JEPA ViT-H/16448 300 82.4 +1.3 87.8 +0.7 39.3 +0.4 68.9 +1.7 70.1 +2.4 69.7 +1.5

Methods with view data augmentations
LeJEPA [17] ViT-H/14 100 79.0 - - - - -
DINO [27] ViT-B/16 1600 78.2 82.8 30.2 33.6 27.0 50.4
iBOT [28] ViT-B/16 1600 79.5 84.0 38.9 67.7 68.1 67.6

representation quality. Across ViT-B/16, ViT-L/16, and ViT-H/16 backbones,
DSeq-JEPA consistently improves over I-JEPA in linear probing (+1.1, +0.8,
and +1.3 Top-1 accuracy, respectively) and also improves full fine-tuning (+0.5,
+0.2, and +0.7, respectively). To further assess stability, we additionally repeat
DSeq-JEPA under the ImageNet ViT-B/16 setting with three random seeds, ob-
taining 73.8±0.4 Top-1 accuracy, suggesting that the result is stable across runs.
The gains extend to fine-grained benchmarks, where DSeq-JEPA improves over
I-JEPA on all reported settings (e.g., ViT-B/16: +0.5 on iNat21, +0.9 on CUB,
and +1.4 on Cars; ViT-L/16: +0.7, +1.2, and +0.8, respectively), yielding a
consistent improvement in the FGVC average. Moreover, at larger scale, DSeq-
JEPA with ViT-H/16 substantially outperforms LeJEPA [17] by +3.4 points
in ImageNet linear probing. These trends support our hypothesis that discrim-
inative region prioritization and sequential next-region embedding prediction
improve both global semantic separation and fine-grained cue discrimination.

Compared with C-JEPA, which augments I-JEPA with contrastive regular-
ization, DSeq-JEPA achieves comparable ImageNet performance under both lin-
ear probing and full fine-tuning, while consistently outperforming C-JEPA on
fine-grained benchmarks (iNat21/CUB/Cars), indicating that discriminative se-
quential prediction learns more part-aware and discriminative representations.
When adding the same contrastive regularization, DSeq-C-JEPA surpasses C-
JEPA across settings, suggesting that contrastive alignment and discriminative
sequential prediction are complementary.
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Table 2: Performance on detection and segmentation tasks. We report APbox,
APmask on MS-COCO, and mIoU on ADE20K.

Method Arch. Epochs APbox APmask mIoU

Methods without view data augmentations
MAE [4] ViT-B/16 1600 50.3 44.9 48.1
I-JEPA [8] ViT-B/16 600 49.9 44.5 47.6
DSeq-JEPA ViT-B/16 600 50.5 +0.6 45.0 +0.5 48.1 +0.5

C-JEPA [16] ViT-B/16 600 50.7 45.3 48.7
DSeq-C-JEPA ViT-B/16 600 50.9 +0.2 45.7 +0.4 48.9 +0.2

NEPA [26] ViT-B/14 1600 - - 48.3

Methods with view data augmentations
DINO [27] ViT-B/16 1600 50.1 43.4 46.8
iBOT [28] ViT-B/16 1600 51.2 44.2 50.0

Relative to representative SSL baselines (MAE, DINO and iBOT), DSeq-
JEPA remains competitive under a simpler JEPA-style single-view pre-training
recipe, compared to reconstruction- and multi-view-based baselines. On ViT-
B/16, DINO and iBOT (with multi-view augmentations) achieve higher Ima-
geNet linear-probing accuracy, whereas DSeq-JEPA remains competitive and
yields strong fine-tuning performance despite relying on a simpler single-view
recipe. At larger scale, DSeq-JEPA with ViT-H attains the highest ImageNet ac-
curacy under both linear probing and full fine-tuning. In addition, DSeq-JEPA is
training-efficient: it uses a single-view recipe (vs. DINO/iBOT’s multi-view aug-
mentation) and runs for 600/300 epochs, whereas MAE/DINO/iBOT require
1600 epochs. This efficiency advantage of JEPA-style single-view pre-training
is consistent with observations from I-JEPA, where a large ViT-H/14 I-JEPA
model requires less compute than a smaller iBOT ViT-S/16 model [7].

Additionally, we compare with NEPA [26], a recent sequential embedding-
prediction baseline. Although the training configurations are not strictly matched,
both DSeq-JEPA and DSeq-C-JEPA achieve higher ImageNet fine-tuning accu-
racy on both ViT-B (84.0/84.3 vs. 83.8) and ViT-L (86.8/87.2 vs. 85.3), sug-
gesting that semantically grounded next-region prediction is more effective than
generic sequential embedding prediction.

Detection and Segmentation. To further evaluate transferability to dense
prediction, we evaluate object detection and instance segmentation on MS-
COCO [23] and semantic segmentation on ADE20K [24]. As shown in Table 2,
DSeq-JEPA consistently improves over I-JEPA across all reported metrics (+0.6
APbox, +0.5 APmask, and +0.5 mIoU), while DSeq-C-JEPA achieves the best
overall performance among JEPA variants, surpassing both I-JEPA and C-
JEPA. DSeq-C-JEPA also exceeds NEPA on ADE20K mIoU (48.9 vs. 48.3),
suggesting that discriminative ordering benefits not only sequential prediction
but also spatial generalization. Despite using a lighter single-view 600-epoch
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Table 3: Performance on low-level tasks. We report Clevr/Count (object count-
ing) and Clevr/Dist (distance estimation) with a linear probe on frozen ViT-L/16
features, measured by Top-1 accuracy.

Metric I-JEPA DSeq-JEPA C-JEPA DSeq-C-JEPA

Clevr/Count 85.6 86.4 +0.8 86.8 87.1 +0.3

Clevr/Dist 71.2 71.5 +0.3 71.6 71.9 +0.3

Table 4: Effects of region generation and prediction strategy (ViT-B/16).

Region Generation Prediction Strategy ImageNet iNat21Uniform sampling Discriminative selection Flat Sequential

✓ ✓ 72.4 35.9
✓ ✓ 72.3 34.9

✓ ✓ 72.0 35.7
✓ ✓ 73.5 36.4

recipe, DSeq-JEPA/DSeq-C-JEPA outperform MAE and DINO across all re-
ported dense-prediction metrics, and DSeq-C-JEPA achieves higher APmask than
iBOT. Overall, these results indicate that discriminative sequential prediction
promotes more spatially structured and semantically coherent representations
that transfer effectively beyond classification to pixel-level prediction.

Low-level Reasoning. As shown in Table 3, on low-level reasoning tasks,
DSeq-JEPA achieves 86.4 on Clevr/Count and 71.5 on Clevr/Dist [25] with ViT-
L/16, improving over I-JEPA by +0.8 and +0.3, respectively. With contrastive
regularization, DSeq-C-JEPA further improves to 87.1/71.9, surpassing C-JEPA
on both tasks. The fact that improvements persist on these low-level metrics
indicates that DSeq-JEPA does not merely enhance semantic categorization, but
also strengthens geometric and structural priors in the learned representation.

4.3 Ablation Study

Do discriminative selection and sequential prediction act synergisti-
cally? We ablate the two key components of DSeq-JEPA—discriminative re-
gion prioritization and sequential next-region embedding prediction—by varying
region generation (uniform vs. discriminative) and prediction strategy (flat vs.
sequential). Table 4 reports ImageNet and iNat21 linear-probing accuracy with
a ViT-B/16 backbone. The baseline configuration (uniform sampling + flat pre-
diction) corresponds to I-JEPA, which treats all regions equally and predicts
them in parallel. Enabling either component in isolation degrades performance:
sequential prediction without an informative order (uniform + sequential) breaks
permutation symmetry arbitrarily and introduces noisy supervision, while dis-
criminative selection without sequential conditioning (selective + flat) collapses
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Table 5: Effects of different prediction orders (ViT-B/16).

Order scheme Flat Random Spatial Inverse Truncating DSeq (ours)

ImageNet 72.0 71.7 72.7 71.3 73.0 73.5

inter-region dependencies into independent targets. In contrast, combining both
components (selective + sequential) yields the best results. These findings show
that the modules are not independently effective but synergistic: discrimina-
tive region selection supplies a semantically meaningful trajectory (where), and
sequential prediction exploits this trajectory to capture region-to-region depen-
dencies (in what order).

How important is the prediction order? We next isolate the effect of pre-
diction order while keeping the same set of discriminative regions. Table 5 com-
pares several ordering schemes on ImageNet with ViT-B/16: Flat (I-JEPA-style,
no autoregression), Random (random region order), Spatial (regions sorted by
center coordinates in row-major order), Truncating (predict only up to Top-3
regions), and our DSeq order (DSeq-JEPA). We observe that random ordering
harms performance, indicating that autoregression without a meaningful trajec-
tory forces the model to learn from mixed-difficulty signals. A simple spatial
order brings a measurable improvement (+0.7 over flat), suggesting that purely
geometric structure provides limited benefit. The inverse order only reaches 71.3,
showing that the direction of the prediction trajectory matters. Our discrimina-
tive sequential order achieves the highest accuracy (+1.5 over flat), showing that
encoding a semantically grounded prediction trajectory over regions is crucial
for reaping the benefits of sequential prediction.

Furthermore, the step-truncation diagnostic shows that predicting only up to
the Top-3 regions (Truncating) yields 73.0 vs. 73.5 with the full chain (Top-5),
indicating that later, lower-saliency regions still provide complementary supervi-
sion beyond the most salient cues. Together, these ablations support our design
choice of using a discriminative, full-length prediction order rather than generic
or truncated autoregression. Viewed from a learning-dynamics perspective, the
discriminative order induces an implicit easy-to-hard curriculum: early steps fo-
cus on stable, highly informative regions, and later steps progressively integrate
more context-dependent cues. To quantify this effect, we analyze the per-step
prediction loss along the next-region prediction sequence using DSeq-JEPA ViT-
B checkpoint at epoch 450. We sample 10,000 ImageNet images and compute the
average loss for each Top-k region prediction. As shown in Figure 4, early steps
(Top-2 and Top-3) have lower prediction error, whereas later steps (Top-4 and
Top-5) are clearly harder with noticeably higher loss. This trend suggests that
the model first learns to predict stable, highly informative regions and then pro-
gressively integrates weaker or more context-dependent cues, and the sequential
predictor exploits this ordered trajectory to shape the learned representations.



DSeq-JEPA 13

0.2

0.205

0.21

0.215

0.22

0.225

0.23

0.235

0.24

Top-2 Top-3 Top-4 Top-5

Av
er
ag
e
Pr
ed
ic
tio
n
L
os
s

Fig. 4: Per-step prediction difficulty
(ViT-B/16 checkpoint at epoch 450).

[C
LS
]

G
ra
d-
C
A
M

Fig. 5: [CLS]-based saliency vs. Grad-
CAM.

Table 6: Effect of [CLS] token.

Method I-JEPA +[CLS]

ImageNet 72.4 72.4

Table 7: Robustness to attention proxies.

Method Grad-CAM-based [CLS]-based

ImageNet 73.4 73.5

Effect of the [CLS] Token. To keep the architecture comparable to I-JEPA,
we introduce an auxiliary [CLS] token that is used only as an anchor to compute
saliency maps, without adding extra layers or parameters. As shown in Table 6,
adding this token does not improve I-JEPA’s performance, indicating that it
provides no representational gain by itself. Thus, the improvements of DSeq-
JEPA stem from the proposed discriminative region prioritization and sequential
next-region prediction, rather than from any architectural modification.

Robustness to Attention Proxies. Table 7 assesses whether DSeq-JEPA de-
pends on a specific saliency estimator by replacing the [CLS]–based proxy with
a label-free Grad-CAM–style proxy [29]. This variant attains 73.4 ImageNet
linear-probing accuracy (vs. [CLS]–based: 73.5), indicating that our gains are
robust to the choice of attention proxy. Figure 5 shows that our [CLS]-based
saliency closely overlaps with the Grad-CAM proxy, achieving a Top-20 patch
IoU of 0.41 while being simpler and gradient-free. Together with the prediction-
order ablations in Table 5, this suggests that performance is driven not by a
particular saliency mechanism, but by exploiting a semantically meaningful pre-
diction trajectory: arbitrary orderings can hurt performance, whereas orderings
that better correlate with discriminative content consistently yield gains, and the
proxy simply provides a practical way to approximate such an ordering prior.

Sensitivity to the Number of Regions N . We fix the region number to N =
5, following the I-JEPA setting. To assess sensitivity to this choice, we vary N ∈
{3, 5, 7} for DSeq-JEPA with ViT-B/16 and pre-train on ImageNet under the
same protocol. The resulting ImageNet linear-probing accuracies are 72.9, 73.5,
and 73.4, respectively. The overall performance fluctuates only mildly, indicating
that DSeq-JEPA is not sensitive to the exact number of discriminative regions.
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Table 8: Pre-training overhead and inference efficiency.

Method Pre-training Inference
Time(h) Mem(GB) Total GFLOPs #Params(M) GFLOPs/image

I-JEPA 24.2 31.5 96.4 86.6 17.7
C-JEPA 24.5 31.5 98.0 86.6 17.7
DSeq-JEPA 26.5 38.2 111.6 86.6 17.8
DSeq-C-JEPA 26.8 38.2 117.2 86.6 17.8

Using too few regions (N = 3) slightly under-utilizes contextual information,
while increasing to N = 7 brings no further benefit.

4.4 Pre-training Overhead and Inference Efficiency

Table 8 reports pre-training and inference costs on ImageNet with ViT-B/16 un-
der the same hardware setup. Notably, compared with I-JEPA/C-JEPA, DSeq-
JEPA’s inference complexity remains essentially unchanged (86.6M parameters;
17.7 vs. 17.8 GFLOPs/image), since discriminative sequential prediction is only
used during pre-training. The modest added computation introduced by DSeq-
JEPA is confined to pre-training: it adds about +2.0 hours wall-clock time
(24.2/24.5 → 26.5h), increases total training compute from 96.4/98.0 to 111.6
GFLOPs, and raises peak memory usage from 31.5 to 38.2GB due to sequential
region tokens and causal masking. DSeq-C-JEPA follows the same pattern.

4.5 Visualization Analysis

Qualitative Comparison with I-JEPA. As shown in Figure 6, I-JEPA yields
relatively diffuse attention maps and rectangular target masks that often cover
multiple, partially overlapping regions. In contrast, DSeq-JEPA produces com-
pact, semantically meaningful regions ordered by discriminativeness, progres-
sively focusing on key object parts (e.g., the bird’s beak and forehead) and
yielding clearer region correspondences and more interpretable predictions.

Emergence of Semantic Structure during Pre-training. Figure 7 visu-
alizes the evolution of patch-level clustering as pre-training proceeds. Early in
training, clusters are fragmented and noisy; over time, they self-organize into
coherent, object-aligned groups, even in the absence of labels. This illustrates
how DSeq-JEPA’s representations self-organize during training: patches with
similar semantics gradually move closer in the learned embedding space. This
progression indicates that DSeq-JEPA gradually induces fine-grained semantic
structure via its attention-guided, sequential prediction mechanism.

5 Conclusion

We introduced DSeq-JEPA, a JEPA-based SSL framework that augments latent
prediction with discriminative region prioritization and sequential next-region
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embedding prediction. By explicitly modeling both where to attend and in what
order to predict, DSeq-JEPA progressively activates primary cues and then in-
tegrates secondary contexts, yielding more structured and fine-grained repre-
sentations. Comprehensive evaluations across multiple benchmarks demonstrate
consistent gains over JEPAs, confirming DSeq-JEPA’s effectiveness and general-
ity. In future work, we plan to extend these ideas to vision–language pre-training,
enabling more selective visual grounding and structured cross-modal alignment.
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