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Abstract

Predictive vision–language learning aims to
learn semantic representations by predicting
latent targets rather than reconstructing pixels
or generating text. We ask whether latent pre-
diction alone induces the global image–text ge-
ometry required for zero-shot matching, and
how the location of alignment pressure changes
this outcome. In a controlled joint-embedding
predictive model family with matched training
and evaluation protocols, non-contrastive latent
prediction retains information recoverable by
supervised adapters and token-level probes but
does not form a usable zero-shot image–text
space under pooled cosine scoring. A target-
contrastive design improves matching, but re-
mains weaker than the directly aligned variant.
Our results show that latent prediction is under-
constrained at the global embedding level in
this setting. Direct global alignment supplies
the constraint that makes predictive represen-
tations usable for zero-shot scoring. With only
a modest direct global alignment loss, latent
prediction becomes competitive with matched
CLIP and SigLIP baselines and improves sev-
eral language-sensitive diagnostics.

1 Introduction

Vision–language models are often evaluated by
whether matching images and texts are close in
a shared embedding space. Contrastive dual en-
coders such as CLIP and SigLIP make this effective
for retrieval and zero-shot transfer (Radford et al.,
2021; Zhai et al., 2023). Yet retrieval-oriented
alignment remains coarse: a model may retrieve a
plausible caption while failing to bind an attribute,
distinguish a spatial relation, or reject a phrase-
level hard negative. Language-sensitive diagnostics
such as SugarCrepe/SugarCrepe++, SVO-Probes,
VSR, and NLVR2 expose such weaknesses across
different settings (Thrush et al., 2022; Parcalabescu

Model Margin (↑)

CLIP +0.03 ✓
SigLIP +0.05 ✓
X-JEPA [P] -0.01 ×
X-JEPA [TC] +0.01 ✓
X-JEPA [P,A] +0.08 ✓

-0.10 0 +0.10

positive A crane supports the black formwork panel near the
workers.

negative The black formwork panel supports a crane near the
workers.

margin = s(image,  positive) − s(image,  negative)

Figure 1: Illustrative hard-negative example from the
evaluated model set. Positive values indicate that the
correct caption receives a higher score than the hard
negative.

et al., 2022; Yüksekgönül et al., 2023; Hsieh et al.,
2023; Dumpala et al., 2024; Hendricks and Ne-
matzadeh, 2021; Liu et al., 2023; Suhr et al., 2019).

Figure 1 illustrates the kind of distinction hidden
by coarse image–text compatibility: both captions
are similar at a topical level, but only one preserves
the relevant visual relation. The question is there-
fore not only whether a model retrieves compat-
ible text, but whether its representation exposes
the global geometry and token-level information
needed to separate hard negatives.

Joint–Embedding Predictive Architectures
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(JEPAs) provide a complementary principle for
learning semantic representations compared to
contrastive learning: instead of globally aligning
pooled embeddings, they learn by predicting
latent representations (LeCun, 2022; Assran et al.,
2023). This can encourage semantic structure
without output-space generation, but it does not
specify how image and text embeddings should
be arranged for zero-shot matching. VL-JEPA
demonstrates that embedding-space prediction can
be extended to vision–language learning when
paired with contrastive latent prediction and a
broader large-scale setting (Chen et al., 2026).
This motivates a narrower controlled question.

We ask how the location of alignment pres-
sure affects predictive vision–language learning.
We study this question through a controlled joint-
embedding predictive model family called X-JEPA
that compares non-contrastive latent prediction,
target-contrastive prediction, and latent predic-
tion with direct global image–text alignment un-
der matched training and evaluation protocols.
We compare these variants to matched CLIP and
SigLIP baselines, which apply alignment pressure
directly to pooled global image and text embed-
dings. We make three contributions:
• We show that prediction-only representations re-

tain information recoverable by supervised read-
outs but lack a usable pooled-cosine geometry in
our setting.

• We show that the target-contrastive design im-
proves zero-shot matching, but the directly
aligned variant performs substantially better in
our setting.

• We show that modest direct alignment makes pre-
dictive representations competitive with matched
CLIP and SigLIP baselines and improves
language-sensitive diagnostics, while alignment
strength is not uniformly monotonic.

Code availability. The code, configuration files,
and evaluation scripts are publicly available at
https://github.com/mohkoh19/x-jepa.

2 Related Work

Contrastive vision–language alignment. Large-
scale dual encoders such as CLIP, ALIGN, and
SigLIP learn shared image–text spaces by apply-
ing contrastive objectives to pooled representations
(Radford et al., 2021; Jia et al., 2021; Zhai et al.,
2023). Subsequent systems preserve direct align-
ment while strengthening data pipelines, auxiliary

supervision, or alignment granularity, including
align-before-fuse training, caption bootstrapping,
multi-grained concept alignment, and improved
SigLIP encoders (Li et al., 2021, 2022; Zeng et al.,
2022; Tschannen et al., 2025). Rather than com-
paring against such models at scale, we fix training
and evaluation protocol across our X-JEPA model
family and contrastive baselines, and ask how dif-
ferent placements of alignment pressure affect a
predictive objective.

Language-sensitive and compositional diagnos-
tics. Strong retrieval models can still struggle
with attribute binding, relational reasoning, word
order, and hard negatives. Winoground, VALSE,
ARO, SugarCrepe/SugarCrepe++, SVO-Probes,
VSR, and NLVR2 expose such weaknesses across
controlled linguistic, compositional, spatial, and
two-image settings (Thrush et al., 2022; Parcal-
abescu et al., 2022; Yüksekgönül et al., 2023; Hsieh
et al., 2023; Dumpala et al., 2024; Hendricks and
Nematzadeh, 2021; Liu et al., 2023; Suhr et al.,
2019). A separate line of work improves composi-
tional matching through hard-negative fine-tuning,
composition-aware objectives, or inference-time
decomposition (Zhang et al., 2024; Jiang et al.,
2024; Peleg et al., 2025). Simultaneously, hard-
negative metrics still require care because they do
not guarantee invariance to meaning-preserving
hard positives (Kamath et al., 2024). We use such
diagnostics to ask whether different placements of
alignment pressure during predictive pretraining
change language-sensitive discrimination.

Predictive joint-embedding learning and VL-
JEPA. JEPA models predict latent representa-
tions rather than reconstructing in input space
or aligning global representations (LeCun, 2022;
Assran et al., 2023). I-JEPA and V-JEPA show
that non-generative feature prediction can learn
visual and video representations efficiently and im-
prove semantic understanding (Assran et al., 2023;
Bardes et al., 2024). VL-JEPA demonstrates that
embedding-space prediction in vision–language
can work at scale when paired with contrastive la-
tent prediction and a broader multimodal procedure
(Chen et al., 2026). VL-JEPA uses InfoNCE as its
contrastive objective, which is widely used for con-
trastive representation learning in vision–language
models (van den Oord et al., 2018). More precisely,
it applies contrastive pressure at the predictor–
target interface, which is a different placement than
direct global alignment like in CLIP-based models.
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Figure 2: Shared encoder envelope for X-JEPA [P] and
X-JEPA [P,A].

Our target–contrastive X-JEPA variant is a same-
backbone design point that uses a predictor–target
InfoNCE objective that is inspired by VL-JEPA. It
is not a reproduction or benchmark comparison to
VL-JEPA.

Controlled objective studies and representation
bottlenecks. Controlled comparisons are most
informative when they separate objective effects
from architecture, data, and scale. Recent CLIP–
DINO analyses follow this principle to isolate lan-
guage supervision (Liu et al., 2025). Bottleneck
studies further show that weak performance at a
pooled interface need not imply absence of inter-
nal information: text-only recovery probes reveal
limits of single-vector text embeddings, and dual-
encoder analyses argue that global cosine matching
can hide richer patch/token structure (Kamath et al.,
2023; Kang et al., 2025; Miranda et al., 2026). Our
adapter and NLVR2 token/global analyses extend
this bottleneck view from inference and represen-
tation probing to pretraining-objective design by
asking which alignment objective makes informa-
tion usable through global image–text geometry.

3 Method

We study objective design in a controlled fam-
ily of dual-encoder predictive vision–language
models named X-JEPA. We differentiate three
variants by where they apply alignment pres-
sure: non-contrastive latent prediction ([P]), target-
contrastive prediction ([TC]), and latent prediction
with direct global image–text alignment ([P,A]).
The backbone family is fixed: each model has a

ViT image encoder, a BERT text encoder, pooled
global features for retrieval-based scoring, and to-
ken features for predictive and probing objectives.
Figure 2 schematizes this shared encoder envelope
and the [P]/[P,A] prediction-and-alignment paths.
The [TC] variant also changes directionality, target-
encoder policy, projection heads, and retrieval fea-
tures. It is a compound design point, not a single-
factor alignment-placement ablation.

Shared encoders and representations. For an
image–text pair (xI , xT ), the online image encoder
f I
θ and text encoder fT

θ produce token sequences
and pooled global representations,

ZI , gI = f I
θ (xI), ZT , gT = fT

θ (xT ), (1)

where ZI contains image-patch tokens, ZT con-
tains text-token representations, gI is the ViT class-
token representation, and gT is the BERT [CLS]
representation. All reported X-JEPA variants use
a shared cross-modal predictor with modality-
specific input and output adapters. Thus the same
predictor block is used for image-to-text and text-
to-image prediction in [P] and [P,A], while [TC]
uses the image-to-text direction only.

[P]: non-contrastive latent cross-modal predic-
tion. The prediction-only variant, X-JEPA [P],
tests whether latent cross-modal prediction alone
organizes a usable shared space. It uses
exponential-moving-average target encoders f I

θ̃

and fT
θ̃

to produce stop-gradient latent targets,

HI = f I
θ̃
(xI), HT = fT

θ̃
(xT ). (2)

The shared predictor maps online tokens from
one modality to target-token representations of the
other modality. We measure prediction error by the
mean squared Euclidean distance over target tokens
and hidden dimensions. For a token sequence of
length n and hidden dimension d, define

ℓmse(Ĥ,H) =
1

nd

n∑

j=1

∥Ĥj −Hj∥22. (3)

The predictive objective averages the two cross-
modal directions,

L[P ] =
1

2

(
ℓmse(ĤT , sg(HT ))

+ ℓmse(ĤI , sg(HI))
)
,

(4)

where sg(·) denotes stop-gradient. For text targets,
padding tokens are excluded from the average. No
contrastive image–text alignment is used in this
variant.
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[TC]: target-contrastive prediction. The target-
contrastive variant, X-JEPA [TC], replaces the
mean-squared prediction objective with a predictor–
target InfoNCE loss inspired by VL-JEPA (Chen
et al., 2026). [TC] does not use exponential-
moving-average target encoders. The direction is
only image-to-text: the image encoder produces
image tokens ZI , the shared predictor produces
predicted text-token representations ẐT , and the
text encoder produces the paired text-token targets
ZT . For a sample index i in a minibatch of size B,
the predicted and target text-space features are

ûT,i = norm
(
Wp pool(ẐT,i)

)
,

uT,i = norm
(
Wt pool(ZT,i)

)
,

(5)

where pooling over text targets excludes padding
positions. Here Wp and Wt are learned projec-
tion matrices of the predictor and target alignment
heads, respectively. norm(·) denotes ℓ2 normal-
ization along the feature dimension. Stacking the
minibatch features gives ÛT = [ûT,1, . . . , ûT,B]

⊤

and UT = [uT,1, . . . , uT,B]
⊤. We define the target-

contrastive loss as

L[TC] =
1

2

(
CE(ÛTU

⊤
T /τTC , y)

+ CE(UT Û
⊤
T /τTC , y)

)
,

(6)

where y indexes matched pairs and τTC is a learned
temperature. This variant disables direct global
image–text alignment and the mean-squared pre-
diction loss. [TC] therefore provides an internal
design point for predictor–target contrastive train-
ing.

[P,A]: latent prediction with direct global image–
text alignment. The aligned predictive variant,
X-JEPA [P,A], keeps the latent prediction loss and
adds direct global alignment between pooled image
and text features in the same way as the matched
CLIP baseline. The pooled representations gI and
gT are mapped to normalized alignment features
uI and uT by the alignment heads. We define the
direct alignment loss as symmetric InfoNCE,

L[A] =
1

2

(
CE(uIu

⊤
T /τA, y)

+ CE(uTu
⊤
I /τA, y)

)
,

(7)

where y again indexes matched image–text pairs
and τA is a learned temperature. The [P,A] objec-
tive is

L[P,A] = L[P ] + λL[A]. (8)

Here λ > 0 is the alignment weight. We vary λ to
study the interaction between prediction and align-
ment pressure. This variant tests whether directly
constraining the global image–text geometry makes
the predictive representation usable for zero-shot
retrieval and hard-negative scoring.

Contrastive baselines. We compare the X-JEPA
model family with CLIP and SigLIP (Radford et al.,
2021; Zhai et al., 2023). Throughout, CLIP and
SigLIP denote matched CLIP and SigLIP base-
lines with the standard dual-encoder contrastive
objectives, but trained and evaluated in the same
controlled setup as the X-JEPA variants. CLIP
uses direct global symmetric InfoNCE on pooled
image and text embeddings, corresponding to the
X-JEPA [P,A] variant with λ = 1.0 and without the
latent prediction term. SigLIP uses a sigmoid pair-
wise contrastive objective over image–text pairs.
These baselines provide controlled references for
objectives that apply alignment pressure directly
to global image–text embeddings without latent
prediction.

4 Experimental Setup

Pretraining data and preprocessing. All
matched models are pretrained on the same
cleaned image–text mixture derived from Concep-
tual Captions, SBU Captions, MS-COCO, and
Visual Genome (Sharma et al., 2018; Ordonez
et al., 2011; Lin et al., 2014; Krishna et al., 2017).
We remove unavailable images and source images
that overlap with any evaluation benchmark used
in the paper. The final cleaned mixture contains ap-
proximately 5M image–caption pairs. Appendix D
gives source-wise counts. Pretraining images use
bicubic random resized crops to 224×224, random
horizontal flipping, and ImageNet normalization.
Evaluation uses deterministic resize, center crop,
and the same normalization. Text is tokenized with
the BERT-base uncased tokenizer and truncated or
padded to length 64.

Model and optimization controls. All compared
models use the same backbone scale: a ViT-
B/16 image encoder initialized with ImageNet-1K
weights and a BERT-base uncased text encoder
initialized with official pretrained weights (Doso-
vitskiy et al., 2021; Devlin et al., 2019). We train
the models end-to-end with the same data mixture,
image resolution, tokenizer, optimizer family, and
training length. The reported models are trained
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Model COCO ZS↑ Flickr30k ZS↑ SugarCrepe++↑ SVO↑ VSR↑ NLVR2-T↑ NLVR2-G↑
CLIP 67.89 79.87 71.68 84.43 63.75 54.93 57.05
SigLIP 67.67 80.32 69.79 84.30 62.77 55.00 57.43

X-JEPA [P] 0.10 0.21 37.06 50.36 48.52 53.05 52.22
X-JEPA [TC] 44.60 48.30 44.17 80.73 57.26 56.42 51.08
X-JEPA [P,A] (λ = 0.10) 69.39 81.53 73.30 85.13 63.91 60.11 58.38

Table 1: Main evaluation results. COCO ZS and Flickr30k ZS report zero-shot mean recall, SugarCrepe++ and SVO
report accuracy, and VSR reports AUROC. NLVR2-T/G denote token-interaction and global-embedding probes and
report accuracy, respectively. All values are percentages.

for 20 epochs, corresponding to approximately
100.6M seen image–text pairs, with effective batch
size 2048 and mixed precision. Optimization uses
AdamW with a cosine learning-rate schedule and
4 epochs linear warmup. Encoder learning rates
peak at 5 × 10−5, while newly initialized predic-
tion, projection, and temperature parameters peak
at 5×10−4. The comparison therefore varies where
alignment pressure is applied, together with the
objective-specific heads and interfaces required by
each variant. More details are given in Appendix A.

Checkpoint selection. Checkpoint selection is
fixed before final testing and uses validation re-
trieval only. For each pretraining run, we select the
checkpoint that maximizes the equally weighted
mean recall on COCO Karpathy validation and
Flickr30k validation. No final test split or language-
sensitive benchmark is used for checkpoint selec-
tion.

Evaluation protocols. The evaluation suite is
representation-centric: pretrained backbones re-
main frozen, and no benchmark uses full end-to-
end finetuning. We evaluate three access paths.

For zero-shot retrieval, we evaluate COCO
Karpathy and Flickr30k test splits (Karpathy and
Fei-Fei, 2015; Young et al., 2014). Images and
captions are encoded once, normalized, scored by
dot product, and ranked in both image-to-text and
text-to-image directions. We report mean recall,
the average of R@1, R@5, and R@10 over both re-
trieval directions. For X-JEPA [TC], the image-side
retrieval feature is the predicted text-space feature
produced from image tokens, and the text-side fea-
ture is the encoded text-target feature used by the
target-contrastive loss. Adapter retrieval freezes
the pretrained encoders and trains only small im-
age/text retrieval adapters and a logit scale, select-
ing the best checkpoint by validation mean recall.

For language-sensitive zero-shot scoring, Sugar-
Crepe++ requires both positive captions to score

above a controlled hard negative. SVO-Probes
scores a sentence against a positive and a nega-
tive image. VSR evaluates binary image–caption
spatial-relation compatibility.

For NLVR2, the global embedding probe trains
an MLP over pooled left-image, right-image, and
text features, while the token interaction probe
trains a small Transformer over raw image and
text token sequences. Both NLVR2 probes keep
the pretrained backbone frozen and select the best
checkpoint by validation accuracy. All evaluation
details are given in Appendix E.

5 Results and Analysis

We organize results by representational access path.
Zero-shot retrieval and hard-negative scoring test
the pooled global geometry. Adapter tuning tests
recoverable information under a frozen backbone.
NLVR2 token interaction tests whether raw token
features expose information hidden by pooled em-
beddings. This distinction is essential: weak zero-
shot geometry does not imply absence of useful
cross-modal information.

Table 1 summarizes the main results across all
metrics and models. We report results for X-JEPA
[P,A] with λ = 0.10 in the main results as a repre-
sentative setting. This is a representative balance
across metrics, not a universal optimum (Table 3).

5.1 Prediction Alone Does Not Constrain
Global Geometry

Table 1 first tests whether latent prediction alone
yields a usable cross-modal embedding space. Un-
der the evaluated pooled-cosine scorer, the answer
is negative. X-JEPA [P] is essentially unusable
for zero-shot retrieval, while the matched con-
trastive baselines form strong shared spaces. The
same pattern appears outside retrieval, where [P]
is also weak on the language-sensitive tasks. Thus,
non-contrastive latent prediction does not arrange
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Figure 3: First row: image–text similarity matrices on a deterministic COCO retrieval subset. Rows correspond to
images and columns to captions, ordered so matched pairs lie on the diagonal. Second row: margin summaries
report matched-pair separation from hardest negatives.

Model COCO Flickr30k

ZS↑ Adapter↑ ZS↑ Adapter↑
CLIP 67.89 69.34 79.87 82.50
SigLIP 67.67 68.62 80.32 82.19
X-JEPA [P] 0.10 45.90 0.21 60.61
X-JEPA [TC] 44.60 63.05 48.30 75.06
X-JEPA [P,A] 69.39 69.86 81.53 83.33

Table 2: Zero-shot and adapter-tuned retrieval. [P,A]
uses λ = 0.10. All values are mean recall percentages.

pooled image and text embeddings into a retrieval-
compatible geometry.

5.2 Adapter Recovery Shows That
Information Is Present

Table 2 separates frozen-backbone information
from zero-shot geometry. Although X-JEPA [P]
has near-zero zero-shot retrieval, adapter tuning
recovers substantial COCO and Flickr30k perfor-
mance, showing recoverability under this super-
vised readout. Target-contrastive prediction im-
proves zero-shot geometry but still benefits strongly
from adapters, whereas X-JEPA [P,A] is already
strong before adaptation and gains only modestly.
Direct global alignment therefore changes what
is immediately accessible through the pooled em-
bedding space, not merely what can be recovered
by adding task-specific capacity. Because the en-

coders start from pretrained unimodal checkpoints
and the adapters and probes receive paired super-
vision, these results do not identify how much of
the recovered signal originates in paired predictive
pretraining.

5.3 Target-Contrastive Prediction Partially
Improves Global Geometry

The X-JEPA [TC] variant forms the intermedi-
ate step between prediction-only learning and di-
rect global alignment. Relative to [P], the target-
contrastive design substantially improves retrieval,
SVO, and VSR, suggesting that contrastive pres-
sure at the predictor–target interface can improve
the similarity structure used for matching. This ob-
servation is consistent with the larger-scale results
reported by VL-JEPA (Chen et al., 2026).

Yet [TC] is not on par with direct global align-
ment. It remains below [P,A] on all reported met-
rics and below the contrastive baselines on retrieval,
hard-negative scoring, and global NLVR2, with the
NLVR2 token-interaction probe as the only excep-
tion. Thus, the result is not simply explained by
replacing the mean-squared prediction loss with In-
foNCE. Where contrastive pressure is applied mat-
ters: target-contrastive prediction helps, but does
not fully impose the global image–text geometry
used by retrieval and hard-negative scoring. How-
ever, [TC] changes several design choices together
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and its gap to [P,A] cannot therefore be attributed
solely to alignment placement or to evaluating an
interface different from the one trained.

5.4 Geometry Diagnostics Visualize
Global-Space Misalignment

Figure 3 shows the same mechanism in the sim-
ilarity matrix. CLIP and X-JEPA [P,A] pro-
duce a visible matched-pair diagonal, whereas X-
JEPA [P] lacks this structure and has negative
hardest-negative margins. X-JEPA [TC] partially
increases matched-pair structure, but remains un-
even. Together with the adapter results, this diag-
nostic links weak zero-shot retrieval to the pooled
global space rather than absence of internal infor-
mation.

5.5 Direct Global Alignment Makes the
Predictive Space Usable

Adding a modest direct global alignment loss
produces a strong aligned predictive variant. X-
JEPA [P,A] exceeds the matched baselines and the
other X-JEPA variants on all metrics reported in
Table 1. The largest gains over [TC] occur in met-
rics that directly use the global image–text space.
Thus, under the evaluated pooled scorer, latent pre-
diction is not a replacement for alignment: direct
global alignment supplies the topology needed for
zero-shot scoring, after which the predictive model
also improves the language-sensitive diagnostics
central to this study.

5.6 Alignment Strength Is Not Uniformly
Monotonic

Table 3 studies alignment strength. The dominant
discontinuity is between no global alignment and
any positive alignment weight: once λ > 0, re-
trieval scores are near or above the matched con-
trastive baselines. Within the positive range, how-
ever, larger alignment pressure is not uniformly
better. The smallest positive weight λ = 0.03 is
strongest on SVO and VSR, λ = 0.10 is strongest
on SugarCrepe++ and NLVR2, and λ = 0.30 is
slightly strongest on retrieval. Direct alignment is
decisive in this setting, but increasing its weight
shifts tradeoffs rather than improving all metrics.

5.7 Token Interaction Separates Information
from Global Geometry

The two NLVR2 protocols provide another view
of representational access under frozen-probe eval-
uation. Table 4 compares token-interaction and

global-embedding probes. The matched contrastive
baselines perform better with global features than
with token interaction, while the predictive vari-
ants show the opposite pattern. This pattern is
clearest for [TC], whose token-interaction score
exceeds both contrastive baselines despite a weak
global score. [P,A] improves both access paths and
achieves the best score under both protocols. This
suggests that global geometry, adapter-recoverable
information, and token-level information are dis-
tinct but related aspects of representation quality
under these probes.

5.8 Language Slices Show Where Aligned
Prediction Helps

Figure 4 tests whether the aggregate gains are con-
centrated in one metric or appear across language-
sensitive categories. X-JEPA [P] is weak across
SugarCrepe++ categories and VSR relation fam-
ilies. [TC] closes much of the gap on SVO and
several VSR families, but remains weak on Sug-
arCrepe++ hard negatives. [P,A] yields the most
consistent behavior across object, relation, role,
and spatial-relation slices in this evaluation, indi-
cating that the aggregate gains are not only retrieval
effects.

6 Discussion

The results separate representational content from
representational access. Adapter recovery and
NLVR2 token interaction show that predictive vari-
ants can retain cross-modal information even when
pooled image–text matching is weak. This con-
nects our objective study to bottleneck analyses of
dual encoders, where weaknesses at a global scorer
can reflect how information is exposed rather than
whether it is present (Kang et al., 2025; Miranda
et al., 2026). In our setting, this bottleneck is not
only an inference artifact. It depends on the training
objective and on where alignment pressure enters.

The [P,A] objective directly constrains the
pooled scoring interface, whereas [P] does not.
[TC] also trains its own predictor–target scoring
interface and improves matching, but its compound
design prevents attributing its gap to [P,A] solely
to alignment location.

A simple invariance illustrates the undercon-
straint. For a freely parameterized directional pre-
dictor p, latent vectors zI , zT , and orthogonal ma-
trices QI , QT , let pQ(z) = QT p(Q

⊤
I z). Then

∥pQ(QIzI)−QT zT ∥22 = ∥p(zI)− zT ∥22,
5216



Model λ COCO ZS↑ Flickr30k ZS↑ SugarCrepe++↑ SVO↑ VSR↑ NLVR2-T↑ NLVR2-G↑
X-JEPA [P] 0 0.10 0.21 37.06 50.36 48.52 53.05 52.22

X-JEPA [P,A]

0.03 69.11 81.22 71.28 85.32 64.99 58.56 57.57
0.10 69.39 81.53 73.30 85.13 63.91 60.11 58.38
0.30 69.47 81.66 72.59 85.19 64.58 59.67 58.32
1.00 69.05 81.35 72.21 84.75 63.86 57.84 57.64

Table 3: Alignment-weight ablation. [P] has no direct global alignment. [P,A] rows share the same MSE prediction
loss and vary only the direct global alignment weight λ. VSR reports AUROC and all values are percentages.
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Figure 4: Language-sensitive slice metrics for the evaluated model set. SugarCrepe++ and SVO report accuracy by
category or role, while VSR reports AUROC by relation family. Bars use both color and hatch patterns to distinguish
models.

Model Token↑ Global↑ Token–Global

CLIP 54.93 57.05 -2.12
SigLIP 55.00 57.43 -2.43
X-JEPA [P] 53.05 52.22 +0.83
X-JEPA [TC] 56.42 51.08 +5.34
X-JEPA [P,A] 60.11 58.38 +1.74

Table 4: NLVR2 frozen probes. Token is token-
interaction accuracy, Global is global-embedding ac-
curacy, and Token–Global is their difference. [P,A] uses
λ = 0.10. Values are percentages.

while cos(QIzI , QT zT ) need not equal
cos(zI , zT ). Thus identical prediction errors
can coexist with different raw cross-modal scores.

The aligned predictive model changes both eval-
uated access paths. With a modest direct align-
ment weight, X-JEPA [P,A] keeps the token-level
benefits suggested by NLVR2 while making the
global representation usable for zero-shot scor-
ing. Its scores on SugarCrepe++, SVO, VSR,
and NLVR2 suggest that once global geometry
is constrained, latent prediction can contribute to
language-sensitive vision–language representations
rather than only improving retrieval.

More broadly, the results argue for report-
ing which representation interface an evaluation
queries. A single pooled score is appropriate for re-

trieval and hard-negative ranking, but it can hide in-
formation available to adapters or token-level mod-
ules. Conversely, strong token-level access does
not guarantee a retrieval-compatible global space.
Predictive vision–language objectives should there-
fore be assessed across both pooled and token-level
access paths.

Future work should test whether richer align-
ment locations, such as dense or multi-grained
predictor–target objectives, can combine the token-
level benefits of predictive learning with the global
accessibility of direct alignment. Scaling this com-
parison across larger data mixtures and models
would further clarify which effects are stable de-
sign principles.

7 Conclusion

Latent prediction needs alignment. In our set-
ting, prediction-only representations retain infor-
mation recoverable by supervised readouts but lack
the pooled-cosine geometry needed for zero-shot
matching. The target-contrastive design improves
matching, and the directly aligned variant performs
substantially better. Once alignment constrains the
shared geometry, predictive objectives can match
or slightly exceed matched contrastive baselines in
this controlled setting. These results suggest that
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the value of predictive learning in vision–language
models depends not only on what information is re-
tained, but also on whether the objective makes that
information accessible through the representation
used at inference time. This makes alignment loca-
tion a central design choice for predictive vision–
language learning. Predictive vision–language ob-
jectives should therefore be evaluated by both the
information they preserve and the interface through
which that information becomes usable.

Limitations

This study is a controlled comparison at moderate
scale. We fix the data mixture, backbone family,
and evaluation protocol to reduce confounds among
objective variants, but the results should not be
read as state-of-the-art claims against larger VLMs,
instruction-tuned systems, or models trained on
substantially larger and more diverse corpora.

Each pretraining setting is represented by a
single run. We do not establish run-to-run sta-
bility or statistical significance for small differ-
ences between aligned models or positive align-
ment weights. The central conclusion rests on the
much larger prediction-only versus directly aligned
contrast under the specified scorer.

The target-contrastive variant of X-JEPA is an in-
ternal design point rather than a pure single-factor
ablation: relative to [P] and [P,A], it changes the
loss, directionality, target-encoder policy, and re-
trieval interface. This is why we use it to probe
a plausible predictor–target contrastive placement,
not to make broad claims about VL-JEPA-like train-
ing in general.

The [P] and [P,A] variants use EMA target en-
coders to stabilize latent prediction. This choice
avoids adding auxiliary regularization losses that
would confound the alignment-location compari-
son, but it requires additional target-encoder state,
two forward-only target-encoder passes, and bidi-
rectional prediction. [TC] uses one prediction direc-
tion without EMA. Matching backbone scale there-
fore does not establish equal runtime or FLOPs.

Ethical Considerations

This work studies objective design for image–text
representation learning and does not introduce a de-
ployed system or collect new human-subject data.
The pretraining mixture and evaluation benchmarks
are derived from public image–text datasets, which
may contain social, geographic, and linguistic bi-

ases inherited from their original sources. Improve-
ments in image–text matching and hard-negative
discrimination could be useful for retrieval and
evaluation, but could also be incorporated into
downstream ranking, filtering, or surveillance-like
systems without adequate safeguards. We therefore
limit our claims to controlled representation behav-
ior under the evaluated protocols and recommend
task-specific validation, bias assessment, and hu-
man oversight before deployment in consequential
settings. Dataset construction, evaluation protocols,
and implementation details are documented in the
appendix to support reproducibility.
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A Architecture and Optimization Details

The image encoder is a ViT-B/16 initialized with
ImageNet-1K weights, with 12 Transformer lay-
ers, hidden size 768, 12 attention heads, 16 × 16
patches, and approximately 85.8M trainable param-
eters (Dosovitskiy et al., 2021). The text encoder
is BERT-base uncased initialized with official pre-
trained weights, with 12 layers, hidden size 768, 12
attention heads, maximum length 64, and approxi-
mately 109.5M trainable parameters (Devlin et al.,
2019). All models use the BERT-base uncased
tokenizer. All runs used 8 NVIDIA H100 GPUs.
Shared training controls are reported in Table 5.

Setting Value

Training length 20 epochs
Seen image–text pairs ≈ 100.6M
Effective batch size 2048
Precision bf16 mixed
Optimizer AdamW
Betas / epsilon (0.9, 0.98) / 10−6

Weight decay 0.01
LR schedule cosine with 4-epoch linear warmup
Final LR 10−6

Encoder peak LR 5× 10−5

Head/temp. peak LR 5× 10−4

Table 5: Shared pretraining controls for the matched
comparison.

The X-JEPA variants use the shared predictor
described in Section 3. This predictor has width
384, depth 4, and 2 attention heads, contributing ap-
proximately 8.28M trainable parameters. Fixed si-
nusoidal predictor position embeddings add 0.10M
non-trainable parameters. The non-contrastive pre-
dictive variants use EMA target encoders with a
linear momentum schedule from 0.996 to 1.0. The
target-contrastive variant uses the same encoder en-
velope but applies image-to-text target-contrastive
prediction with online text targets.

The objective-specific additions are lightweight.
X-JEPA [TC] adds two bias-free 768-dimensional
projection heads for predicted and target text-space
features and one learned temperature, contribut-
ing approximately 1.18M trainable parameters. X-
JEPA [P,A] uses analogous global image/text pro-
jection heads and one learned temperature for di-
rect alignment. These additions are small relative
to the ViT-B/16 and BERT-base encoders, so they
do not introduce a large capacity difference. [TC]
nevertheless changes several design choices jointly.

B Full Retrieval Results

Tables 6 and 7 provide the full zero-shot retrieval
recalls underlying the mean-recall values in the
main paper.

Metric CLIP SigLIP [P] [TC] [P,A]

I2T R@1 52.78 52.26 0.02 21.74 56.90
I2T R@5 80.42 80.16 0.12 42.44 81.68
I2T R@10 88.24 88.68 0.12 50.46 88.98

T2I R@1 38.72 38.20 0.01 27.29 39.90
T2I R@5 68.09 68.04 0.11 56.35 69.29
T2I R@10 79.06 78.66 0.22 69.31 79.57

Table 6: COCO Karpathy zero-shot retrieval recalls for
the evaluated model set. Values are percentages. I2T is
image-to-text retrieval and T2I is text-to-image retrieval.

Metric CLIP SigLIP [P] [TC] [P,A]

I2T R@1 69.70 69.70 0.00 17.30 71.80
I2T R@5 90.20 91.20 0.00 37.70 92.00
I2T R@10 95.90 95.90 0.30 48.70 95.80

T2I R@1 54.32 54.88 0.08 38.98 57.04
T2I R@5 80.86 81.68 0.30 68.56 83.02
T2I R@10 88.22 88.54 0.56 78.56 89.52

Table 7: Flickr30k zero-shot retrieval recalls for the
evaluated model set. Values are percentages. I2T is
image-to-text retrieval and T2I is text-to-image retrieval.

C Language-Slice Tables

The main paper visualizes language-sensitive slices
in Figure 4. Tables 8–10 report more detailed slice
values.

Slice CLIP SigLIP [P] [TC] [P,A]

Repl. attr. 74.11 70.56 33.76 46.19 73.35
Repl. obj. 88.38 87.41 41.04 53.27 90.50
Repl. rel. 62.87 60.53 35.92 38.83 63.80
Swap attr. 58.11 54.95 37.24 36.34 60.81
Swap obj. 38.78 42.04 26.94 28.16 45.71

Table 8: SugarCrepe++ slice accuracies for the evalu-
ated model set. Values are percentages.

Slice CLIP SigLIP [P] [TC] [P,A]

Object 92.38 91.52 50.87 90.86 93.04
Subject 85.84 86.25 48.69 83.78 87.21
Verb 81.40 81.39 50.61 76.55 81.94

Table 9: SVO-Probes role accuracies for the evaluated
model set. Values are percentages.
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Slice CLIP SigLIP [P] [TC] [P,A]

Adjacency 58.17 55.43 47.82 51.12 58.78
Directional 51.38 50.20 48.02 45.45 50.40
Orientation 72.00 65.00 50.67 59.67 73.67
Projective 62.48 61.59 51.60 56.88 62.90
Proximity 47.27 43.36 37.89 40.23 46.48
Topological 68.50 69.75 45.88 63.04 68.83

Table 10: VSR relation-family AUROC for the evalu-
ated model set. Values are percentages.

D Construction of the Pretraining Dataset

The pretraining dataset combines Conceptual Cap-
tions, SBU Captions, MS-COCO, and Visual
Genome. We apply two filtering steps before pre-
training. First, we remove records whose image
files are unavailable. Second, we remove records
whose source images overlap with any evaluation
benchmark used in this paper. Table 11 reports the
resulting source-wise counts.

Count CC SBU COCO VG Total

Raw 2,919,397 859,739 566,747 768,536 5,114,419
Path-valid 2,919,397 837,642 566,747 768,536 5,092,322
Removed 0 113 48,561 14,180 62,854

Final 2,919,397 837,529 518,186 754,356 5,029,468

Table 11: Construction of the cleaned pretraining mix-
ture. CC denotes Conceptual Captions and VG denotes
Visual Genome. Removed denotes evaluation-overlap
removals after path-valid filtering.

E Detailed Evaluation Protocols

Zero-shot scoring. All zero-shot evaluations
freeze the pretrained model and use it in evalua-
tion mode. For retrieval, we encode each image
and caption once, normalize features, compute all
image–text dot products, and rank candidates in
both directions. COCO and Flickr30k report R@1,
R@5, R@10, and their mean over image-to-text
and text-to-image retrieval. For X-JEPA [TC], im-
age features are obtained from the image-to-text
prediction path: image tokens are mapped to a
predicted text-space feature and scored against en-
coded text-target features.

Retrieval adapters. Adapter retrieval trains only
the image adapter, text adapter, and scalar logit
scale. The pretrained feature extractor remains
frozen and in evaluation mode. Each adapter is a
768-to-768 residual projection head consisting of
LayerNorm followed by a linear projection. Be-
cause input and output dimensions match, the head

adds a learnable residual branch whose scale is ini-
tialized to zero, so the initial adapter is a no-op up
to normalization. Adapter outputs are normalized
before scoring. We train the adapters for 10 epochs
with AdamW, learning rate 10−3, weight decay
0.01, batch size 512, and cosine annealing. The
best adapter state is selected by validation mean
recall and then evaluated on the test split.

Hard-negative zero-shot diagnostics. Sugar-
Crepe++, SVO-Probes, and VSR train no task-
specific parameters. They use the same normal-
ized image–text compatibility score as zero-shot
retrieval. In SugarCrepe++, each example contains
one image, two positive captions, and one con-
trolled hard negative. An example is correct only
if both positives score above the negative. In SVO-
Probes, a sentence is scored against a positive and a
negative image, and accuracy measures whether the
positive image receives the higher score. In VSR,
we score image–caption pairs for spatial-relation
compatibility and report AUROC over the resulting
scores. We use category, role, and relation-family
summaries for the language-slice analysis.

NLVR2 frozen probes. Both NLVR2 diagnos-
tics freeze the pretrained backbone and train only
the probe head for 10 epochs. We use AdamW with
learning rate 10−4, weight decay 0.01, dropout 0.1,
batch size 256, and cosine annealing. The best
probe state is selected by validation accuracy and
then evaluated on the test split.

The global-embedding probe encodes the left im-
age, right image, and sentence as 768-dimensional
pooled features. Its classifier receives the concate-
nation of the three features, the two image–text
products, the two image–text absolute differences,
and the left–right absolute difference. This yields
an 8× 768 input followed by LayerNorm, a 1536-
dimensional hidden layer, GELU, dropout, and a
binary output layer.

The token-interaction probe operates on raw im-
age and text token sequences. Left-image, right-
image, and text tokens are normalized and pro-
jected to dimension 256, augmented with a learned
CLS token, type embeddings, and position embed-
dings, and passed through a 2-layer Transformer
encoder with 4 heads and MLP ratio 2.0. Image
tokens are spatially pooled by a factor of 2 before
the probe to keep the interaction sequence compact.
The CLS output is classified by a 512-dimensional
MLP. Padding positions in the text sequence are
masked.
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