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Abstract

Self-supervised relational invariance emerges
only when the training objective is compatible
with the relational structure of the data. Some
analogy datasets contain multiple transforma-
tion families and require explicit discrimina-
tion, while others are dominated by a single
transformation type in which negative samples
are inherently ambiguous. Applying a single
objective across these settings leads to system-
atic failure, even with identical architectures, as
contrastive learning introduces false negatives
in relation-sharing data and non-contrastive ob-
jectives collapse distinct relations when dis-
crimination is required. We propose Relational
JEPA (R-JEPA), which represents transfor-
mations between paired observations as ex-
plicit relation embeddings and applies predic-
tion directly in relation space with objectives
selected according to the induced data regime.
Across text-based analogy benchmarks, regime-
matched training improves analogy verification,
completion, and entity-disjoint transfer over
state-based baselines, while mismatched ob-
jectives yield misleading geometric structure
without relational invariance.

1 Introduction

Joint-Embedding Predictive Architectures (JEPAs)
learn invariant representations by predicting targets
in a shared embedding space, avoiding reconstruc-
tion (Assran et al., 2023). They are effective when
invariance over states is sufficient.

Analogical reasoning, however, requires invari-
ance over transformations (Gentner and Markman,
1997; Gentner, 1988). Given (A, B) and (C, D),
the task is to assess whether A — B matches
C — D, rather than whether individual states are
similar. Standard JEPA formulations predict la-
tent states rather than transformations, leaving rela-
tional structure indirect and weakly constrained.

We argue that self-supervised relational learning
is conditional: it succeeds only when the training

objective is compatible with the relational regime
induced by the data, and fails even with the same
architecture otherwise. This aligns with theoreti-
cal analyses of contrastive learning, which show
that representation separation depends critically on
latent class structure and the informativeness of
negatives (Saunshi et al., 2019). Crucially, datasets
induce different relational regimes: some contain
multiple transformation families and require dis-
crimination, while others are dominated by a single
transformation type and require sharing (Wijesiri-
wardene et al., 2023). Applying a single objective
across regimes therefore leads to systematic failure.

This explains why contrastive objectives can pro-
duce misleading geometric structure. In relation-
sharing settings, in-batch negatives introduce per-
vasive false negatives and fragment relation space
(Chuang et al., 2020; Robinson et al., 2020). Con-
versely, in relation-discriminating settings, objec-
tives that avoid explicit negatives can collapse dis-
tinct transformation families despite strong align-
ment (Wang and Isola, 2020; Chen and He, 2021;
Zbontar et al., 2021).

To operationalize this principle, we propose Re-
lational JEPA (R-JEPA), which treats transfor-
mations as first-class prediction targets. R-JEPA
constructs explicit relation embeddings, applies
prediction directly in relation space, and selects
objectives according to the dataset regime. Across
analogy benchmarks, matched objectives improve
verification, completion, and entity-disjoint trans-
fer, while mismatches degrade performance despite
identical architectures. This notion of generaliza-
tion aligns with prior work on compositional and
systematic generalization (Keysers et al., 2019).

Our contributions are:

* We frame self-supervised relational learning
as conditional on data regime and objective
compatibility.

* We identify objective—regime mismatch as
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Figure 1: Objective—Regime Compatible Relational Learning with R-JEPA. Traditional self-supervised methods
are state-centric, capturing individual entity features but leaving transformations implicit, which limits analogical
reasoning. Analogy datasets induce different relational regimes: relation-discriminating regimes with multiple
transformation families, where contrastive objectives are effective, and relation-sharing regimes dominated by
a single transformation type, where contrastive learning introduces false negatives. R-JEPA addresses this by
representing transformations explicitly as relation embeddings and applying prediction directly in relation space. By
matching the training objective to the data regime, R-JEPA avoids state-level shortcuts and enables robust analogy
verification, completion, and zero-shot transfer across entities.

a primary failure mode in analogy learning
(Chuang et al., 2020; Robinson et al., 2020;
Wang and Isola, 2020).

* We propose R-JEPA, which Ilearns
transformation-level invariances without
relation labels by applying prediction directly
in relation space under regime-matched
objectives.

2 Related Work

2.1 Joint-Embedding Predictive Architectures

JEPAs learn representations by predicting targets
in a shared embedding space, typically using archi-
tectural asymmetry, stop-gradient, and objectives
that avoid collapse (Assran et al., 2023; Chen and
He, 2021; Zbontar et al., 2021; Wang and Isola,
2020). However, existing formulations are state-
centric: the predicted target is a latent state, and
relations are only implicit (e.g., as differences be-
tween state embeddings). We extend JEPA by mak-
ing transformations explicit and applying learning
objectives directly in relation space. Related non-
contrastive designs such as BYOL further show

that stop-gradient asymmetry can stabilize repre-
sentation learning even without explicit negatives
or batch statistics (Richemond et al., 2020).

2.2 Predictive World Models and Latent
Dynamics

World models learn latent dynamics to predict fu-
ture states (Ha and Schmidhuber, 2018). While
they model change, transitions are usually opti-
mized as mechanisms for state prediction rather
than as representational targets. Analogical rea-
soning instead requires abstraction over types of
change (Gentner and Markman, 1997). Our ap-
proach represents transformations as embeddings
and enforces invariance over transformation in-
stances.

2.3 Relational and Analogical Reasoning

Analogy has long been characterized as relational
similarity rather than attribute matching (Gentner
and Markman, 1997; Gentner, 1988). In NLP,
evaluation has traditionally focused on word-level
and proportional analogies (Mikolov et al., 2013;
Gladkova et al., 2016), and more recently on



whether pretrained language models encode analog-
ical structure (Ushio et al., 2021; Wijesiriwardene
et al., 2023).

Many embedding-based approaches define rela-
tions implicitly, for example via linear offsets or
metric similarity in state embedding space. How-
ever, prior analyses show that such regularities can
arise from embedding geometry without reflecting
genuine relational abstraction (Levy and Goldberg,
2014; Ethayarajh et al., 2019). Similarly, contex-
tual representations may encode rich linguistic in-
formation implicitly, but this structure is not ex-
plicitly organized for relational comparison (Peters
etal., 2018).

These approaches assume that negatives are se-
mantically meaningful and that similarity implies
relational equivalence. We show that these as-
sumptions break under relation-sharing regimes
due to pervasive false negatives (Chuang et al.,
2020; Robinson et al., 2020), motivating a regime-
dependent view of relational learning and objective
design.

3 Problem Formulation

We study learning relational representations from
unlabeled paired observations, without explicit re-
lation labels.

States. Letz € X be an observation (e.g., a word
or sentence). An encoder fy maps z to a latent state

z = fo(x) € RL (1)

State representations capture properties of individ-
ual observations, but analogical reasoning requires
abstraction over transformations between states.

Relations as transformations. Given z4,xp
with states z4, zp, a relation extractor ¢, produces
a relation embedding

rasp = dy(2a,28) € RE. 2)

rA_p is intended to encode how A changes into
B while reducing dependence on entity identity.

Analogical equivalence. For pairs (A, B) and
(C, D), analogical equivalence is

TASB R TC-D, 3)

under a task-defined similarity metric in relation
space, even if (z4, z¢) and (zp, zp) are dissimi-
lar. For analogy completion, given (A, B, C') and

candidates D,
Df = in dist 4
arg jrjnel% ist(rasp,rc-n), “)

where dist(-, -) is a relation-space distance.

Relational invariance. We define relational in-
variance as mapping instances of the same trans-
formation family 7 (unknown during training) to
nearby points:

Y(A,B),(C,D) €T : dist(ras,p,rc—p) < €,

)
for small €. This supports generalization across
entities and contexts.

Relational regimes. Relational invariance is not
always learnable from self-supervision; it depends
on the dataset structure and the training objective.
We distinguish (Wijesiriwardene et al., 2023):

* Relation-discriminating regime: multiple
transformation families; learning requires in-
variance within families and separation across
families; negatives are informative.

* Relation-sharing regime: data dominated
by a single transformation family; in-batch
negatives create pervasive false negatives and
can destabilize learning (Chuang et al., 2020;
Robinson et al., 2020).

These regimes are properties of the data distribu-
tion.

Objective-regime compatibility. In relation-
discriminating regimes, contrastive/energy-based
objectives can separate transformation families. In
relation-sharing regimes, such objectives conflict
with the data and objectives that avoid explicit neg-
atives (e.g., separating alignment from global regu-
larization) are preferred. Our central claim is that
self-supervised relational invariance learning re-
quires objective-regime compatibility.

Implication. This motivates models that repre-
sent transformations explicitly, apply learning di-
rectly in relation space, and select objectives ac-
cording to the dataset regime. We instantiate this
with R-JEPA.

4 R-JEPA Architecture

4.1 Overview

As illustrated in Figure 2, R-JEPA is a joint-
embedding predictive architecture that treats trans-
formations between states as the primary prediction
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Figure 2: Overview of Relational JEPA (R-JEPA). A shared encoder fp maps observations to states (z4, 25, 2¢, 2D ).
A relation extractor ¢, produces relation embeddings 74, g and rc_,p. A relational predictor g, operates in

relation space for prediction and comparison.

target. Given a pair (A, B), observations are en-
coded into latent states and mapped to an explicit
relation embedding r4_.p = ¢y (24, 2B). Learn-
ing proceeds by predicting and comparing relation
embeddings in a dedicated relation space.

Predictive learning is applied exclusively in re-
lation space: the relational predictor g,, does not
access state embeddings directly, and losses are
defined only over relation embeddings. This pre-
vents state-level shortcuts (e.g., entity similarity)
and forces learning signals to target transformation
structure. The training objective is chosen accord-
ing to the relational regime induced by the dataset
(Section 4.4).

4.2 Architectural Components

The encoder fy maps each observation x to a la-
tent state z = fp(x), capturing semantic proper-
ties of individual observations but not directly op-
timized for analogical comparison. Given a state
pair (z4, zp), the relation extractor ¢y, produces a
relation embedding

ra-B = ¢y(za, 2B), (6)

intended to encode the transformation from A to B
while reducing dependence on entity identity. The
relational predictor g, then maps this embedding
to a predicted relation

F = gu(ra-n), (7

introducing predictive structure over transforma-
tions. This step discourages degenerate solutions in
which relations collapse to simple state differences
and enforces consistency among relation instances.

4.3 Relation Extractor Design

We consider relation extractors of increasing ex-
pressivity, including linear difference-based map-
pings r = W{(zp — z4), concatenation-based
MLPs over (z4, 2B, 2B — 24 ), and more expressive
bilinear or attention-based formulations. While
these designs differ in capacity, they share the
same role: producing a compact embedding that
represents how one state changes into another.
The explicit separation between state encoding
and relation extraction is essential for isolating
transformation-level structure.

4.4 Objective Families for Relational
Learning

R-JEPA is objective-agnostic at the architectural
level. Instead, the geometry of relation space is
shaped by the training objective, which is selected
based on the dataset’s relational regime.

When datasets contain multiple distinct trans-
formation families, relational learning requires ex-
plicit discrimination. We therefore use a contrastive
energy-based objective (Oord et al., 2018; Saunshi
et al., 2022; Tosh et al., 2021):

exp(—E(r, T+))
ZTIE{T+7T;7---7T;L} eXp(—E(r, T/)) 7
(®)
where the energy function is defined as squared
distance between normalized embeddings,

Ly = —log

/ 2

r T

E(r,r) = || —
) = T ™ T

®

2
This objective pulls together instances of the same

transformation while separating different transfor-
mation families.



In relation-sharing regimes dominated by a sin-
gle transformation type, contrastive objectives in-
troduce widespread false negatives (Chuang et al.,
2020; Robinson et al., 2020). We therefore decou-
ple positive alignment from global regularization
using an alignment—uniformity (multi-objective)
objective (Wang and Isola, 2020; Zbontar et al.,
2021; Chen and He, 2021). Such multi-objective
formulations have recently been shown to admit
principled interpretations from an information-
theoretic perspective, where alignment controls
signal preservation and uniformity regulates repre-
sentational entropy (Wang and Isola, 2020; Zhang
et al., 2023).

Latign = Egpny [IIr =7 13], (10)
Lini = — log Em‘,rj [eXp (_tHTz’ - TJH%)] :
(1D
These terms are combined as
Lyu = )\alignﬁalign + AuniLuni- (12)

This formulation encourages consistent align-
ment of analogous relations while preventing rep-
resentational collapse.

Both objective families follow JEPA-style asym-
metry with stop-gradient, where one branch pro-
vides a target relation embedding and the other
predicts it, stabilizing training without reconstruc-
tion losses (Assran et al., 2023; Chen and He, 2021;
Zbontar et al., 2021).

4.5 Training Data Construction

Training operates on pairs of pairs (A, B) and
(C, D) intended to instantiate analogous transfor-
mations. In synthetic settings, transformation fam-
ilies are programmatically generated and support
explicit relational discrimination. In weakly struc-
tured real data, analogical pairs are mined us-
ing coarse cues and often induce relation-sharing
regimes, where avoiding false negatives is critical.
To assess robustness, we inject controlled corrup-
tion into positive pairs and measure degradation in
verification and transfer performance, isolating the
effect of the relational objective from mining noise.

S Experiments

Our experimental goal is to test the central claim of
this paper: relational invariance learning requires
training objectives that match the relational regime

of the data. Accordingly, we organize experiments
by whether datasets induce relational discrimina-
tion or relational sharing, fixing the architecture
and using objective—regime alignment as a causal
test of relational learning success or failure.

5.1 Datasets

We ground our experiments in the ANALOGICAL
taxonomy, which organizes analogy datasets by re-
lational complexity (Wijesiriwardene et al., 2023).
From this space, we select datasets that instantiate
relations as transformations between states, align-
ing with our focus on transformation-level rela-
tional invariance.

We exclude MSR, Google, SAT, and Quotes
datasets, as they emphasize fixed proportional
analogies, exam-style reasoning, or interpretive ex-
planation rather than consistent state-to-state trans-
formations (Gao et al., 2014; Mikolov et al., 2013;
Rudrapal et al., 2017).

We distinguish two relational regimes induced
by the data. Relation-discriminating datasets
contain multiple transformation families and re-
quire separation across families, whereas relation-
sharing datasets are dominated by a single transfor-
mation type, making in-batch negatives ambiguous
(Chuang et al., 2020; Robinson et al., 2020).

Relation-discriminating datasets include BATS
(Gladkova et al., 2016), WordNet (Miller, 1995),
and syntactic transformations derived from SNLI
(Bowman et al., 2015). Relation-sharing datasets
include Crossword (Pwanson, 2016), entailment
pairs from SNLI, and ePiC (Ghosh and Srivastava,
2022).

Detailed dataset statistics and regime annota-
tions are provided in Appendix A.3.

5.2 Experimental Setup

All experiments use the same R-JEPA architecture
(Figure 2), consisting of a shared encoder, relation
extractor, and relational predictor. Unless other-
wise noted, training objectives are chosen accord-
ing to the dataset’s relational regime (Section 4.4):
contrastive energy-based objectives for relation-
discriminating datasets, and alignment—uniformity
objectives for relation-sharing datasets. We addi-
tionally report cross-regime ablations where objec-
tives are intentionally mismatched.

5.3 Evaluation Tasks

We evaluate relational invariance using three tasks:



(1) Analogy Verification. Given (A, B) and
(C, D), the model predicts whether A — B is
analogous to C' — D. We report accuracy.

(2) Analogy Completion. Given (A, B,C) and
candidates D, the model selects D € D such that
A — B is analogous to C' — D. We report Re-
call@1 and Recall@K.

(3) Zero-shot Analogy Transfer. Models are
trained on one set of entities and evaluated on dis-
joint entities, testing whether relation embeddings
capture transformation structure rather than entity-
specific cues.

5.4 Baselines

We compare R-JEPA with baselines that isolate
state-level prediction, implicit relational reasoning,
or explicit relational supervision. State-JEPA pre-
dicts zp from z 4 under the standard JEPA formula-
tion, with analogical reasoning performed in state
space. Contrastive state embeddings define rela-
tions implicitly via differences between instance-
discriminative embeddings. In synthetic settings,
we also report a supervised relation classifier as
an approximate upper bound.

5.5 Ablation Studies

We conduct ablations over the relation extractor
(difference, concat-MLP, bilinear/attention), the
relational predictor, and negative sampling strate-
gies. To directly test objective—regime compatibil-
ity, we swap contrastive and alignment—uniformity
objectives across datasets. We further assess ro-
bustness by injecting controlled noise into weakly
mined positive pairs. Performance is consistently
strongest when both relation-space prediction is
present and the training objective matches the
dataset’s relational regime.

6 Results and Analysis

Our results test a single claim: self-supervised rela-
tional invariance emerges only when the training
objective is compatible with the relational regime
induced by the data. We further show that achiev-
ing this requires applying prediction directly in
relation space, and that the resulting representa-
tions generalize under entity shift. We report four
main results.

6.1 Objective—Regime Compatibility Is a
Structural Requirement

We directly test the core hypothesis that relational
learning succeeds only when the training objective
matches the dataset’s relational regime. Table 1
compares R-JEPA trained with a matched objective
and an intentionally mismatched one on two repre-
sentative regimes: BATS (relation-discriminating)
and Crossword (relation-sharing).

Performance depends sharply on objective—
regime alignment. On BATS, the energy-based
objective is required to separate transformation
families; replacing it with alignment—uniformity
collapses discrimination and degrades both verifi-
cation and completion. On Crossword, alignment—
uniformity is required; contrastive energy-based
training substantially harms completion due to per-
vasive false negatives. Because architecture and
relation extractor are held fixed, these results iso-
late objective choice as a structural condition rather
than a tuning preference.

The same energy-based objective that succeeds
on BATS fails on Crossword, while the alignment—
uniformity objective exhibits the opposite behav-
ior, indicating that performance is governed by
objective—regime compatibility rather than by the
objective family itself.

Geometric interpretation. Figure 3 visualizes
relation embeddings learned under matched and
mismatched objectives.

In BATS, matched objectives produce well-
separated clusters corresponding to transformation
families, whereas mismatched objectives collapse
these distinctions. In Crossword, contrastive objec-
tives fragment relation space into spurious clusters
despite the absence of multiple relation types.

These visualizations are illustrative rather
than diagnostic (Ethayarajh, 2019; Timkey and
Van Schijndel, 2021). We therefore complement
them with qualitative nearest-neighbor inspection
under objective mismatch (Appendix A.4), which
shows that tight clustering does not imply consis-
tent transformation patterns.

6.2 Why Prediction Must Be Applied in
Relation Space

We next ask what architectural constraint is neces-
sary to realize the above condition. Even with an
appropriate objective, prediction could be applied
either to states (standard JEPA) or to relations (R-
JEPA). Table 2 compares state-level JEPA variants



Table 1: Task-level impact of objective-regime alignment. R-JEPA uses an energy-based objective for BATS and an
alignment—uniformity objective for Crossword. Mismatch refers to swapping these objectives.

BATS (Relation-Discriminating)

Crossword (Relation-Sharing)

Method

Verif. Acc Recall@1 Verif. Acc Recall@1
Pretrained only 0.79 0.31 0.74 0.28
Contrastive state baseline 0.82 0.35 0.76 0.30
R-JEPA (matched objective) 0.94 0.58 0.91 0.55
R-JEPA (mismatched objective) 0.88 0.46 0.79 0.34

Table 2: State-level vs relation-level prediction on BATS.
All models share the same encoder, training data, and
energy-based objective. The only difference lies in
whether prediction is applied in state space or relation
space. Align is an alignment loss (lower is better).

Method Verif. Acc  Verif. F1  Align
State-JEPA 0.86 0.85 0.55
State-JEPA (parallel) 0.87 0.85 0.64
R-JEPA (ours) 0.93 0.93 0.30

against R-JEPA on BATS under the same encoder,
training data, and energy-based objective.

State-level prediction permits shortcuts based
on entity similarity, whereas relation-space predic-
tion forces learning signals to align transformations
directly.

State-level prediction allows the model to min-
imize loss by exploiting entity-level regularities,
such as lexical or semantic similarity, without
aligning transformations themselves. In contrast,
relation-space prediction removes these shortcuts,
forcing the predictive signal to operate directly on
transformation structure.

6.3 Entity-Disjoint Transfer Indicates
Transformation-Level Abstraction

If relation embeddings capture transformations
rather than entity identity, they should transfer to
unseen entities. Table 3 reports entity-disjoint eval-
uation.

R-JEPA retains significantly more accuracy un-
der distribution shift and exhibits a smaller perfor-
mance drop than state-based and weakened relation
baselines. This suggests that the learned relation
space encodes transformation-level invariances that
generalize beyond memorized entities.

Notably, the reduced performance gap (A) for
R-JEPA is consistent with remaining errors arising
from transformation ambiguity rather than entity
memorization. This behavior is consistent with

Table 3: Entity-disjoint (zero-shot) evaluation. A de-
notes the difference between in-domain and zero-shot
accuracy.

Model In-dom ZS A

Contrastive state baseline 0.83 041 042
Difference-only relation 0.91 049 042
No relational predictor 0.93 0.51 042
R-JEPA (ours) 0.94 0.58 0.36

Table 4: Relation space structure quality on relation-
discriminating datasets. Silhouette measures cluster
separation, and NMI measures recovery of ground-truth
relation types. Embedding diff is (zp—z4).

Method BATS WordNet SNLI-Syn

Pretrained only 0.01/0.43 0.00/0.06 0.20/0.63
Embedding diff 0.02/0.44 0.00/0.06 0.21/0.63

Diff-only 0.59/0.84 0.68/0.54 0.89/0.71
No predictor ~ 0.63/0.84 0.71/0.56 0.93/0.73

R-JEPA (Ours) 0.73/0.84 0.75/0.58 0.97 / 0.74

relation embeddings encoding transformation-level
abstractions.

6.4 Relation Space Structure as Supporting
Evidence

Finally, as supporting evidence rather than a pri-
mary evaluation, we report diagnostic structure
metrics on relation-discriminating datasets. Table 4
shows that R-JEPA induces coherent relation geom-
etry (higher Silhouette and meaningful NMI recov-
ery of transformation types), while pretrained-only
and fixed-difference baselines exhibit negligible
structure.

These results connect (i) objective-regime com-
patibility (Table 1), (ii) the necessity of relation-
space prediction (Table 2), and (iii) generalization
under entity shift (Table 3), with (iv) interpretable
geometric organization as supporting evidence (Ta-
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ble 4).

7 Conclusion

We investigated when self-supervised relational
learning is possible and argued that its success is
governed by structural conditions rather than by
architecture alone. Specifically, we showed that
relational invariance can only be learned when the
training objective is compatible with the relational
regime induced by the data. Failure to satisfy this
condition leads to misleading structure in relation
space, where apparent clustering does not corre-
spond to meaningful transformations.

To instantiate relational learning under these con-
ditions, we proposed Relational JEPA (R-JEPA), a
joint embedding predictive architecture that treats
transformations as first-class objects of prediction.
By shifting the predictive target from states to re-
lations and enforcing prediction exclusively in re-

lation space, R-JEPA exposes relational learning
signals when objective-regime compatibility holds.
Across multiple analogy benchmarks, this enables
improved verification, completion, and zero-shot
transfer compared to state-based baselines.

More broadly, our findings suggest that progress
in analogical and relational representation learn-
ing requires explicit attention to data structure and
objective design. Rather than seeking universally
applicable objectives, future work should charac-
terize the relational regimes induced by data and
design learning signals accordingly. We view R-
JEPA not as a universal solution, but as a practical
instantiation that succeeds precisely under the con-
ditions where self-supervised relational learning is
possible.



8 Limitations

Our work is subject to several limitations that point
to promising directions for future research. First,
R-JEPA assumes access to pairs of transformations
that are approximately analogous. While synthetic
data provides clean control over relational structure,
mining analogical pairs from real-world corpora
relies on weak heuristics and may introduce noise
or bias. Although we explicitly evaluate robustness
to noisy supervision, fully self-supervised discov-
ery of high-quality relational pairs remains an open
challenge.

Second, our formulation focuses on single-step
transformations represented by a single relation
embedding. More complex analogies may involve
multi-step, hierarchical, or compositional transfor-
mations that cannot be captured by a single relation
vector. Extending relational invariance learning
to such settings likely requires compositional op-
erators over relations or integration with longer-
horizon predictive dynamics.

Third, our analysis highlights that relational
learning is a conditional problem governed by data—
objective compatibility. Datasets that do not in-
stantiate sufficient relational variability may funda-
mentally limit what can be learned through self-
supervision, regardless of architectural choices.
While R-JEPA exposes relational learning signals
when the necessary conditions are met, it does not
eliminate these inherent data constraints.

Finally, we evaluate relational abstraction opera-
tionally through analogy verification, completion,
and zero-shot transfer. These tasks probe system-
atic relational generalization but do not constitute
a complete account of semantic understanding. Fu-
ture work may explore complementary evaluations
that capture broader aspects of relational reasoning.
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A Additional Experimental Details and
Ablations

This appendix provides supplementary experimen-
tal details and analyses that support the main claims
of the paper. While the main text focuses on iso-
lating the conditions under which relational invari-
ance emerges, the appendix addresses additional
ablations, alternative evaluation settings, and im-
plementation details that may be of independent
interest.

A.1 Training Protocol and Evaluation Setup

All models are trained using the same encoder ar-
chitecture and relation extractor unless otherwise
specified. For most datasets, models are trained
for 10 epochs and evaluated on held-out test splits.
For BATS ablation studies, several configurations
are trained for 5 epochs and evaluated on valida-
tion splits due to computational constraints. We
explicitly mark validation results in tables where
applicable.

Entity-disjoint evaluation splits are constructed
by ensuring that entities appearing in training do
not overlap with those in evaluation. This set-
ting tests whether relation embeddings encode
transformation-level structure rather than memoriz-
ing entity-specific associations.

Unless otherwise stated, hyperparameters are
shared across ablations to isolate architectural and
objective-level effects.

A.2 Detailed Ablation Study on BATS

We provide a detailed ablation study on BATS to
analyze the contribution of individual components
in a relation-discriminating regime.

Table 5: BATS ablation results. Results marked with
report validation accuracy after 5 epochs; others report
test accuracy after 10 epochs.

Method Acc. (%) Ep. Notes

R-JEPA (ours) 93.7 10 Full model

No predictor (con- 91.3 10 Prediction removed

trastive)

Entity-disjoint train- 91.5* 5 Entities separated

ing

No hard negatives 90.8" 5 Hard negatives
removed

Reduced dim (64) 90.3* 5 Smaller relation
space

Diff-only 87.7° 5 Simple difference

(r=2z—z2a)

Multi-objective (mis- 58.9 10 Objective mismatch

match)
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Table 6: Dataset characteristics and relational regimes.

Dataset  Regime #Rel Domain Size  Ob;.

BATS Disc. 40 Word analogy 2.8K Energy
WordNet  Disc. 8 Lexical relations 4K Energy
SNLI-Syn Disc. 3 Syntax transforms 13K Energy
Entail. Share 1 NLI 10K Multi
Crossword Share 1 Clue—Answer 10K Multi
ePiC Share 1 Proverb—Narrative 0.2K Multi

These results indicate that while several compo-
nents contribute incrementally, objective—regime
alignment and relation-level prediction are the dom-
inant factors for stable relational learning.

A.3 Dataset Statistics and Relational Regimes

Table 6 summarizes the datasets used in our exper-
iments, their induced relational regimes, and the
objective families that empirically perform best un-
der each regime. Regime labels reflect relational
variability and negative-sample semantics rather
than intrinsic dataset annotations, and are provided
to support the regime-based experimental design in
the main text.

A.4 Qualitative Failure Modes Under
Objective Mismatch

To complement the geometric analysis in the main
text, we qualitatively inspect nearest neighbors
from dense regions of the relation space learned
under an objective—regime mismatch. Specifically,
we analyze relation embeddings learned with a con-
trastive objective on the Crossword dataset, which
induces a relation-sharing regime.

Table 7 presents representative nearest neighbors
sampled from dense regions of the learned relation
space. Although relation embeddings form tight
geometric clusters under the contrastive objective,
the retrieved neighbors do not exhibit a consistent
transformation pattern. Pairs grouped together in
relation space often correspond to semantically un-
related clue—answer mappings, indicating that ap-
parent geometric structure does not imply relational
invariance.

This qualitative evidence supports the quanti-
tative results in the main text: under objective—
regime mismatch, contrastive learning can induce
visually coherent clusters that nevertheless fail to
capture meaningful transformation-level regulari-
ties.



Table 7: Nearest neighbors under objective mismatch on
Crossword. Although embeddings form tight clusters,
nearest neighbors do not share a consistent transforma-
tion pattern.

Center Pair Nearest Neighbors in Relation
Space (Top-5)

Michigan city — FLINT Seller of Toughskins kids’
clothing — SEARS; Was
corrosive — ATE; Leader of
Islam — ALLAH; You Do the
__ (Brad Paisley) — MATH;
Ski-boot binding clip —

FLANGE
Farewell act — In the offing — OFFING;
SWANSONG Canon and martial — LAWS;

One way to go — RIDEAWAY;
Site of a baseball merger? —
SEAM; Way out? —

AVEOFESCAPE
Sweet-talked — Tear it up — SLAY; Physicist
CHARMED James — JOULE; Tries to put

out, as a small fire —
STAMPSON; __ white —
CHINESE; Have a meal at noon,
perhaps — TAKELUNCH

Cooperated — Oktoberfest locale —
PLAYEDBALL BEERGARDEN; Cupid, in a
popular song — LOVEBUG;

Take out (the trash) — EMPTY;
Popular YMCA class — YOGA;
African fox — ASSE

Features of many Place for a shrine — APSE;

wedding cakes — TIERS Vast sums — MINTS;
Proponents — FORS; Site of
ancient Roman ruins — OSTIA;
Beef, e.g. - REDMEAT

A.5 Limitations of Verification Metrics in
Relation-Sharing Regimes

For datasets dominated by a single relation type
(e.g., Crossword, ePiC), binary verification accu-
racy is an imperfect evaluation signal. In such
settings, most pairs are trivially compatible, and
nearest-neighbor retrieval or ranking-based metrics
provide a more faithful assessment of relational
structure. We leave a systematic exploration of al-
ternative evaluation protocols for relation-sharing
regimes to future work.
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