Geometric Separation Without Functional Specialization: Auditing
Subspace Disentanglement in Dual-Encoder LLM Paraphrase Detection

Govind Arun
University of Maryland, College Park
College Park, MD, USA

Ashish Anton Abraham*

Indira Gandhi National Open University

New Delhi, India

Gadha Lekshmi P
Rutgers University, New Brunswick
New Brunswick, NJ, USA

Abstract

Explicit subspace disentanglement, enforc-
ing orthogonality and simplex constraints on
learned projections, is an increasingly com-
mon recipe for paraphrase models claimed to
separate lexical, syntactic, and semantic infor-
mation. A dual-encoder hierarchical model
trained with these constraints on the DiPPer cor-
pus of LLM-generated paraphrases produces
near-perfect geometric separation, a pairwise
Centered Kernel Alignment (CKA) of roughly
0.0007, yet that separation is not evidence of
functional linguistic specialization. Three re-
sults establish this. First, near-zero CKA is
largely preordained by an explicit orthogonal-
ity penalty, which converges to 4 x 1076, Sec-
ond, each of the three subspaces, including the
nominally syntactic one for which we identify
no functional probe, classifies paraphrase in
isolation at F; above 0.986, so the subspaces
are not functionally distinct. Third, remov-
ing disentanglement at matched capacity costs
only 0.013 Fy, leaving most of the reported
gain attributable to dual-encoder capacity rather
than disentanglement. Capacity-matched ab-
lations and controlled functional probes, not
CKA alone, are required to substantiate dis-
entanglement claims; orthogonality penalties
otherwise manufacture the very metric used to
certify them.

1 Introduction

A recurring design pattern in representation learn-
ing for paraphrase and semantic-matching tasks
splits an encoder output into several projected sub-
spaces and pushes those subspaces apart with ex-
plicit penalties, typically a soft orthogonality term
on the projection matrices and a simplex-style term
that asks the projections to jointly preserve the
original representation. The subspaces are then
labeled lexical, syntactic, and semantic, and low
pairwise representational similarity is offered as
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evidence of linguistically specialized features. Re-
porting a near-zero similarity metric, most often
CKA (Kornblith et al., 2019), as confirmation that
disentanglement worked has become routine.

The pattern rests on real evidence: probing stud-
ies show that transformer encoders distribute lex-
ical, syntactic, and semantic information across
layers and subspaces rather than token positions
(Hewitt and Manning, 2019; Tenney et al., 2019),
and several paraphrase systems decompose repre-
sentations along these lines or combine encoders
for complementary signal (Xu et al., 2020; Liu
et al., 2018; Ortiz-Barajas et al., 2022; Peng et al.,
2022; Yang et al., 2016). Driving inter-subspace
similarity to near zero therefore appears to opera-
tionalize that picture.

This appearance does not survive scrutiny. The
instance audited here is a dual-encoder hierarchi-
cal transformer (DeBERTa-v3 and RoBERTa) that
projects each encoder output into three subspaces,
applies orthogonality and simplex penalties, at-
taches level-specific auxiliary supervision under
standard multi-task weighting (Dan et al., 2022; He
et al., 2022), and fuses the levels through a gated
bilinear meta-classifier. Trained on the DiPPer cor-
pus (Krishna et al., 2023), it reaches F}; = 0.9846
with almost perfectly separated subspaces under
CKA. Three results recomputed on the trained
model overturn that reading: near-zero CKA is
mechanically induced by the orthogonality penalty;
every subspace classifies the task in isolation at
Fy above 0.986; and removing disentanglement
at matched capacity costs only 0.013 F7i, leaving
the gain dominated by dual-encoder capacity, that
is, a trained ensemble. CKA-as-disentanglement-
evidence can therefore mislead, and concrete safe-
guards follow.!

!Code:https: //github.com/GIND123/
Hierarchical-Transformer.
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Figure 1: Hierarchical dual-encoder architecture under test: two encoders, level-wise projection into lexical,
syntactic, and semantic subspaces, per-level attention and gated bilinear fusion, and a meta-classifier over the fused

vectors and auxiliary logits.

2 Method under test

The audited model appears in Figure 1. Two
pretrained encoders (DeBERTa-v3-base and
RoBERTa-base) produce contextual states

H,, Hy, € REX4 for an ordered text pair. Three
shared projection matrices S; € R%*? map
each encoder output into level-specific subspaces
¢ € {lex, syn, sem}:
H!=mH,S/, H{=HS,/ . (1)
A soft orthogonality penalty Loho minimizes nor-
malized Frobenius inner products (Sy, Sy)p for
¢ # ¢, and a simplex penalty Lgmp constrains

>0 SeS; = I, (Figure 2). Additive attention
pools each stream independently:
X = w} tanh(Wthx)) )
X
(x) exp(eg ))

Q;

25:1 exp (€§-X)) 7

=1
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The semantic level adds bidirectional multi-head
attention (MHA) with layer normalization (LN),
f[ffm = LN(HF™ + MHA(HF™, H;*™, H;*™))
and symmetrically for b. Per level, encoder B is
aligned to A and the streams are combined by a
gated bilinear fusion with a residual gate:

b* = Bilinear ( F2 Watign f > , €]
gZ = U(Wg[ff; Walignflﬂ) 3 (5)
L=wy(d ot +(1-gHo ). ©
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attention applied at the semantic level.

Each level emits an auxiliary logit u¢ through a
lightweight classifier, and a multi-layer percep-
tron (MLP) meta-classifier (Figure 3) consumes
the three fused vectors and three auxiliary log-
its, ¢ MLP([ lex yn; Zsem; ulex; usyn; usem])'
Training minimizes a composite loss

ﬁlex + ﬁsyn + ['sem
3 @)
+ /\orthoﬁortho + )\simpﬁsimp;

L =& Liain + (1 — )

with o = 0.6, Aortho = 0.02, Agimp = 0.01. The
level-wise design is motivated by evidence of over-
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Figure 3: Meta-classifier over the concatenated fused
vectors and auxiliary logits.

reliance on superficial lexical cues (Macbeth et al.,
2020). What is at issue is not the architecture but
the claim attached to it: that the penalties yield
interpretable, linguistically specialized subspaces.

3 Setup and probing protocol

Training and evaluation use the DiPPer corpus
(Krishna et al., 2023): 1,150,000 training pairs,
50,000 validation pairs, and the official test split
of 324,633 pairs, with the decision threshold tuned
on validation to 7* = 0.55. The probing protocol,
under-reported in the original study, is specified
as follows. Pooling: each subspace projection is
pooled independently for each sentence using addi-
tive attention pooling. Both sentence-level pooled
vectors are combined via a gated bilinear fusion
to yield the pair representation used for probing.
CKA: linear CKA (Kornblith et al., 2019) between
the pooled projected representations of the three
subspaces over the validation set, the metric the or-
thogonality penalty most directly influences. Lin-
ear probing: for each subspace independently,
the pooled pair representation is used to fit an L2-
regularized logistic regression on the binary para-
phrase label with an L2 penalty strength of 1.0, and
validation F} reported; a subspace that classifies
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Figure 4: CKA between the learned subspaces. The
near-zero off-diagonal values are driven by the orthogo-
nality penalty (Lopho = 4 X 10%) and restate constraint
satisfaction rather than independent evidence of linguis-
tic specialization.

well in isolation solves the task on its own. No
gradients propagate into the encoder or projection
layers during probing. Probe data and splits: each
probe is trained on the first 20,000 validation pairs,
split into 16,000 training and 4,000 held-out exam-
ples; this split is drawn from the head of the vali-
dation file rather than an independently reshuffled
sample, so the class balance of the probing subset is
not separately verified against the overall validation
positive rate. Functional grounding: Spearman
correlation between the L2 norm of a subspace rep-
resentation and surface statistics, namely token Jac-
card overlap and length ratio for the lexical claim
and surface lexical overlap for the semantic claim.
No surface-free syntactic probe was identified here,
leaving standard structural probes to future work;
this absence is treated below as part of the result.

4 Findings

4.1 Geometric separation is not functional
disentanglement

The subspaces are almost perfectly separated: CKA
is 0.0008 (lexical, syntactic), 0.0005 (lexical, se-
mantic), and 0.0007 (syntactic, semantic), with
Lortho converging to 4 x 1076 (Figure 4). The origi-
nal study read these values as confirmation that the
constraints disentangle the linguistic representation
spaces. That inference is close to circular. The
orthogonality penalty minimizes inter-projection
alignment, which in turn drives pairwise CKA to-
ward zero, so a near-zero value mostly restates
constraint satisfaction rather than showing that the
subspaces encode distinct linguistic levels. CKA
under an explicit orthogonality objective is not an
interpretability metric for this purpose.



Pooled CKA Probe F
Corpus 1I/s I/m s/m lex syn sem rand
DiPPer 0.001 0.001 0.001 > 0.986 -
PAWS 0.981 0.967 0.951 0.745 0.738 0.733 0.759
QQP  0.992 0.973 0.957 0.756 0.752 0.762 0.760

Table 1: The frozen DiPPer-trained checkpoint evalu-
ated on two out-of-domain corpora, 2,000 evaluation
pairs each, probes averaged over five seeds. Subspace
pairs are lexical/syntactic (I/s), lexical/semantic (I/m),
and syntactic/semantic (s/m). Pooled CKA reverses
from near zero to near one while the projection matrices
are unchanged. A random projection of the raw encoder
states, matched in dimension, exceeds all three named
subspaces on PAWS and matches them to within seed
variation on QQP, so the subspace labels carry no probe-
relevant information. The frozen meta-classifier attains
ROC AUC 0.442 on PAWS and 0.713 on QQP, against
0.998 in domain.

Subspace Surface correlate (p) Probe I}
Lexical Jaccard 0.479, length 0.442 > 0.986
Syntactic  none identifiable > 0.986
Semantic  surface overlap 0.228 > 0.986

Table 2: Functional probing of the three subspaces.
Every subspace classifies paraphrase in isolation at
F1 > 0.986, yet the grounding is uneven: the lexi-
cal subspace has a clear surface correlate, the semantic
subspace stays tied to surface overlap, and no func-
tional correlate was identified for the syntactic subspace.
Equal task performance with unequal grounding indi-
cates the subspaces are not linguistically specialized.

The failure is sharper than circularity alone. Lin-
ear CKA between two projected representations
is governed by ||S¢ S, ||, where ¥ is the covari-
ance of the pooled encoder states. The penalty
drives SyS,) toward zero, but that forces the cross
term to vanish only when ¥ is close to isotropic
on the relevant directions. CKA is therefore a joint
property of the projections and the evaluation distri-
bution, not of the model alone. Applying the same
checkpoint without retraining to PAWS (Zhang
et al., 2019) and QQP (Wang et al., 2018) makes
the dependence explicit (Table 1): the projections
still satisfy the constraint, with pairwise Frobenius
cosines below 1077, yet pooled CKA rises to 0.95
through 0.99 across all three subspace pairs. One
set of weights certifies near-perfect separation on
one corpus and near-total similarity on another. A
metric that reverses under distribution shift while
the constraint it supposedly reflects stays satisfied
cannot serve as evidence of learned specialization.

4.2 All subspaces solve the task equally

The decisive evidence is functional. Linear probing
on each subspace in isolation yields individual F}
above 0.986 for all three, comparable to the full
model’s 0.9846. If the lexical subspace alone pre-
dicts paraphrase as well as the semantic subspace,
the subspaces are not functionally distinct on the
task, contradicting the framing that each captures
a different linguistic granularity. The only clean
functional signal is lexical: lexical magnitude cor-
relates with token Jaccard overlap (p = 0.479) and
length ratio (p = 0.442).The semantic subspace is
not cleanly abstract, retaining p = 0.228 with sur-
face overlap, and we identify no functional probe
for the syntactic subspace (Table 2). The juxtapo-
sition is the point: a subspace with no identifiable
syntactic signal classifies paraphrase as well as
the others. Orthogonality has produced three re-
dundant solvers of the same task, not a lexical, a
syntactic, and a semantic specialist.

4.3 The gain is capacity, not disentanglement

The ablation in Table 3 is reread for what it con-
trols. The full model scores F; = 0.9846. A dual-
encoder variant with the same two encoders and
training procedure but a single shared projection
and no auxiliary losses, “Fusion Without Disen-
tanglement,” scores 0.9715. That variant is near
parameter-matched to the full model, differing only
in one projection versus three, well under one per-
cent of the 361.5M total. The three-way split plus
auxiliary supervision therefore buys 0.013 F. The
larger increments over the single encoders (4+0.018
over DeBERTa-v3, +0.023 over RoBERTa) track
the addition of a second encoder, that is, capacity
and fusion in the manner of a trained ensemble.
The foregrounded architectural novelty contributes
the smallest of the three increments, far below what
its complexity implies, at a large cost: 361.5M pa-
rameters and 0.52 ms per sample against 124.6M
and 0.09 ms for the RoOBERTa baseline.

5 Discussion and recommendations

One mechanism unifies the three findings: an
explicit penalty shaped the representation and,
through a metric sensitive to that same penalty,
certified the shaping as meaningful. Low CKA was
induced by the objective, equal probe performance
shows the resulting subspaces are interchangeable,
and the capacity-matched ablation shows the elab-
oration adds little. The pattern is not confined to



Model Split F1 Accuracy Precision Recall AUCROC AUCPR MCC
Full hierarchical model Test 09846  0.9794 0.9825  0.9867 0.9978 0.9989  0.9536
Fusion without disentanglement  Test  0.9715 0.9619 0.9681  0.9750 0.9936 0.9968  0.9140
DeBERTa-v3-base only Test  0.9661 0.9547 0.9624  0.9699 0.9913 0.9958  0.8977
RoBERTa-base only Test 09619  0.9488 0.9541  0.9699 0.9898 0.9950  0.8841
Majority baseline Test  0.80 0.67 0.67 1.00 0.50 0.67 0.00

Table 3: Ablation on the DiPPer test split, reread for the capacity control. Disentanglement adds only 0.013 F} over
a near parameter-matched dual encoder without disentanglement. Following the row order above, AF} = 0.013,
0.018, and 0.023 against the three learned baselines. The larger increments over the single encoders track the

addition of a second encoder, not subspace separation.

representation geometry. Evaluation validity has
been shown to differ sharply across environments
in multi-agent LLM benchmarks, where failure-
heavy settings can reward robustness to opponent
errors as much as strategic ability (Wang et al.,
2026). In both cases the reported number is sensi-
tive to a factor other than the construct it is taken
to measure. Three safeguards follow for work re-
porting subspace disentanglement. First, a sim-
ilarity metric directly minimized by the training
objective is not evidence of specialization; CKA,
cosine, or Frobenius separation between explicitly
orthogonalized projections should be reported as
constraint satisfaction, not interpretability. Second,
a capacity-matched ablation that removes the dis-
entanglement mechanism while holding encoders,
data, and training steps fixed is mandatory, since
gains from added capacity are otherwise misat-
tributed to the proposed design. Third, each named
subspace requires a controlled functional probe,
ideally one a non-specialized subspace would fail;
a label such as “syntactic” must be earned by a
signal that distinguishes it from the other levels,
not assumed from its projection.

Limitations

The audit trains a single model on a single cor-
pus; the PAWS and QQP results evaluate that same
frozen checkpoint without retraining. For lack of
compute, external baselines were not trained on
the DiPPer split, so the capacity argument rests
on internal ablations and remains DiPPer-only.
The probes are task-coupled and small-scale, and
a richer battery of surface-free syntactic probes
might recover a signal not found here. The conclu-
sion is therefore scoped to this recipe, orthogonality
plus simplex penalties with attached level labels,
not to all representation disentanglement.
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