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Abstract

Matryoshka Representation Learning (MRL)
produces nested embeddings whose prefixes
remain semantically meaningful, allowing rep-
resentations to be truncated at inference time
and enabling a single model to operate across
multiple dimensional budgets. This paradigm
has been adopted in several modern embed-
ding models such as Qwen3-Embedding and
OpenAl text-embedding-3. However, distilling
MRL teachers into compact students remains
largely unexplored, as conventional knowl-
edge distillation methods focus on aligning
single-scale embeddings and do not account
for the multi-scale structure of Matryoshka rep-
resentations. We introduce Matryoshka Rep-
resentation Distillation and propose SUGAR,
a new framework that preserves the structural
properties of MRL embeddings during knowl-
edge distillation. SUGAR aligns point-wise se-
mantic fidelity, spectral capacity via effective-
rank matching, and global subspace geome-
try through Grassmannian alignment. Our ex-
tensive experiments show that SUGAR pro-
duces compact students that retain strong per-
formance across multiple embedding dimen-
sions while preserving deployment flexibility.

1 Introduction

Dense representations are a core component of
modern NLP systems, supporting tasks such as
retrieval and semantic search (Mikolov et al., 2013;
Pennington et al., 2014; Devlin et al., 2019). Ma-
tryoshka Representation Learning (MRL) (Kusu-
pati et al., 2022) introduces a flexible paradigm
for embedding generation by producing nested,
prefix-able representations. Instead of a single
fixed-dimensional vector, an MRL model yields
embeddings whose prefixes remain semantically
meaningful, enabling representations to be trun-
cated at inference time to satisfy different compu-
tational budgets without retraining. This paradigm
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has been adopted in modern embedding systems
(e.g., Qwen and OpenAl text-embedding models)
to support variable-dimensional representations in
real-world deployments.

Despite its flexibility, compressing MRL teach-
ers into lightweight students introduces challenges
that existing Knowledge Distillation (KD) frame-
works do not address. Traditional KD assumes a
single-scale representation space and aligns individ-
ual teacher and student embeddings (Zhang et al.,
2025a; Xu et al., 2023; Truong et al., 2025). In
contrast, Matryoshka representations are inherently
multi-scale, organizing embeddings as nested pre-
fixes under different dimensional budgets. There-
fore, preserving only vector-level similarity is insuf-
ficient to transfer their multi-scale behavior. A key
advantage of MRL is adaptive inference, enabling
a single model to operate under diverse computa-
tional budgets, from high-precision server retrieval
to low-latency on-device inference. However, most
KD pipelines assume a fixed-dimensional student
representation, making it difficult to distill compact
models that retain this flexibility.

To the best of our knowledge, we are the first to
formalize the problem of Matryoshka Represen-
tation Distillation. We propose SUGAR (Spectral
and Geometry-Aware Alignment for Representa-
tion Distillation), a principled framework that pre-
serves multi-scale geometry during unsupervised
distillation. The core idea is to orchestrate the dis-
tillation process through two complementary levels
of geometric alignment: (i) Spectral and Sub-
space Geometry Alignment, which jointly pre-
serves intrinsic dimensionality via effective-rank
(eRank) matching and global orientations via Grass-
mannian chordal-distance minimization; and (ii)
Local Fidelity and Incremental Novelty, which
anchors individual semantic coordinates via point-
wise losses while preventing dimensional collapse
through orthogonal band regularization. Together,
these unified objectives encourage the student not
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only to mimic individual embeddings but also to
faithfully reproduce the nested subspace hierarchy
of Matryoshka representations, enabling the dis-
tilled model to inherit their multi-scale truncation
property and deployment elasticity.

Our contributions are as follows:

* We formally introduce the problem of Ma-
tryoshka Representation Distillation and
propose SUGAR, a hierarchical distillation
framework that integrates spectral and sub-
space geometry alignment (eRank and Grass-
mannian) with local fidelity and incremental
novelty constraints (point-wise anchors and
orthogonal band regularization).

* We empirically validate SUGAR across mul-
tiple teacher-student pairs and benchmarks
(STS, NLI, and classification), showing that
SUGAR produces compact students that main-
tain strong representational quality from low
to high dimensions, fully preserving deploy-
ment elasticity for real-world applications.

2 Related Work and Background
2.1 Related Works

Learning Sentence Embeddings Early sentence
representations relied on static word embeddings
(Pennington et al., 2014; Mikolov et al., 2013) and
later contextualized models (Peters et al., 2018;
Devlin et al., 2019), which were not explicitly op-
timized for sentence-level semantics. Sentence-
BERT (Reimers and Gurevych, 2019) addressed
this by introducing a siamese fine-tuning frame-
work for efficient semantic similarity and retrieval.
Later work improved embedding quality through
contrastive learning (Gao et al., 2022; Nishikawa
et al., 2022). More recently, Large Language Mod-
els have enabled new approaches where LLMs
act as strong backbones or teachers for producing
high-quality sentence embeddings (He et al., 2025;
BehnamGhader et al., 2024; Tao et al., 2025).

Matryoshka Representation Learning Methods
Although sentence representation learning has ad-
vanced significantly, fixed embedding dimensional-
ity still limits large-scale deployment due to com-
putational and storage costs. Matryoshka Repre-
sentation Learning (MRL) addresses this by learn-
ing nested embeddings in a coarse-to-fine manner,
where larger prefixes yield more expressive rep-
resentations. Low-dimensional prefixes can serve

as standalone embeddings while requiring super-
vision at only O(logd) checkpoints and no extra
forward passes (Kusupati et al., 2022). This en-
ables strong compression with competitive per-
formance and faster inference. Building on this
idea, Espresso Sentence Embeddings (ESE) intro-
duce learn-to-express and learn-to-compress mech-
anisms to scale representations across both dimen-
sionality and network depth (LI et al., 2025). The
Matryoshka principle has also been extended to
other domains, including image generation (Gu
et al., 2024), multimodal representation learning
(Cai et al., 2024), and LLMs (Hu et al., 2024).

Knowledge Distillation Recent KD methods in-
creasingly move beyond output imitation toward
fine-grained alignment of representations and struc-
tures. For cross-tokenizer KD, EMO combines
token mapping, relational alignment, and opti-
mal transport (Truong et al., 2025), while DWA-
KD and SRA further improve alignment through
importance-aware temporal matching and span-
level representations, respectively (Vu et al., 2026a;
Dao et al., 2026a). CTPD extends cross-tokenizer
distillation to preference transfer (Nguyen et al.,
2026). Beyond token-level alignment, MoL, MTA,
and TALAS investigate layer-wise or trajectory-
level knowledge transfer through layer mixtures,
multi-granular trajectory alignment, and teacher-
anchored self-distillation (Vu et al., 2026b; Chi
et al., 2026; Dao et al., 2026b). Optimal transport
is also explored for richer distribution matching in
MCW-KD (Vuong et al., 2026), while MIPIC and
SAMD address flexible representation capacities
through Matryoshka-aware KD (Huy et al., 2026;
Tran et al., 2026).

2.2 Background

Knowledge Distillation. The primary objective
of Knowledge Distillation (KD) is to compress a
massive, computationally expensive teacher model
T into a compact, lightweight student model S. By
transferring the teacher’s generalized knowledge,
the smaller student achieves superior performance
compared to training from scratch, while drastically
reducing memory footprint and inference latency
during deployment. Formally, for an input z, the
teacher generates an output z7(z) while the stu-
dent produces zg(x), where z(-) may denote logits,
hidden states, or embeddings depending on the task.
The student is optimized by minimizing the distil-
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lation objective:
Lxp = D(zs(x), zr(z)), (1)

where D(-,-) is a discrepancy function such as
cross-entropy or a similarity-based distance.

2.2.1

Formal formulation. Let an encoder fy map
an input sentence x to a dense embedding z =
fo(r) € RP. In MRL (Kusupati et al., 2022), a
predefined set of increasing prefix dimensions is
specified as D = {d;,ds,...,d,}, 0 < d; <
do < --- < d, = D. For each d; € D, the corre-
sponding representation is obtained by truncating
the full embedding to its first d; components, de-
noted by 2di) .= 21:d; € R% . Each prefix 2(di) ig
treated as a valid embedding and is fed into a task-
specific head gy, : R% — ). Given a labeled pair
(z,y), the prediction from this prefix is evaluated
using a task loss

L) (@, y) = £(g6,(z), ).

Training in MRL jointly supervises all prefixes of
the embedding. A typical objective aggregates the
losses across all prefix dimensions:

n .

ﬁMRL(e’ {¢Z}) = Zi:l E(x»y)NDtrnin [‘Ct(adslk) (l’, y)] )

2
although a weighted variant Y ;" | o E[Et(i’k)] with
a; > 0 can also be used. Optimizing this ob-
jective encourages the encoder to distribute use-
ful semantic information across the embedding
hierarchy, such that lower-dimensional prefixes
z(dl), R 2(dn-1) remain directly usable as inde-
pendent embeddings at inference time without re-
quiring additional forward passes.

Matryoshka Representation Learning

Practical Impact and Deployment Elasticity.
Beyond its theoretical formulation, MRL offers
significant practical advantages for large-scale re-
trieval systems (Kusupati et al., 2022). In real-
world deployments, storing and searching over
massive vector databases introduces substantial
memory and latency costs. MRL alleviates this is-
sue through adaptive retrieval, where compressed
prefixes (e.g., d = 16 or 32) are used for fast
and memory-efficient coarse search, followed by
re-ranking the top-K candidates with full embed-
dings. This cascading strategy greatly reduces stor-
age requirements, memory footprint, and I/O over-
head while maintaining retrieval accuracy. More-
over, MRL provides strong deployment flexibility:

a single trained model can serve both resource-
constrained devices using truncated prefixes and
high-performance servers using full embeddings,
eliminating the need to train and maintain multiple
models for different computational budgets.

2.2.2 Grassmann Manifold and Subspace
Geometry

Many representation learning problems are nat-
urally described by linear subspaces rather than
individual vectors. The set of all k-dimensional
subspaces of R? forms the Grassmann manifold,
denoted Gr(k,d) (Edelman et al., 1998). Each
point on this manifold represents a k-dimensional
subspace and can be expressed by an orthonormal
basis matrix U € R¥* satisfying:

U'u = I. (3)

Different orthonormal bases spanning the same col-
umn space correspond to the same point on the
Grassmann manifold. A fundamental tool for mea-
suring the relationship between two subspaces is
the concept of principal angles. Given two sub-
spaces U and V with orthonormal basis matrices
U € R™* and V' € R¥**, the principal angles
{6;}¥_, are defined through the singular values of
Uu'v (Ake Bjorck and Golub, 1973):

cos; = oy (UTV), i=1,....k, (4
where o;(-) denotes the i-th singular value. These
angles measure the alignment between two sub-
spaces: small angles indicate close alignment,
while larger angles indicate greater misalignment.
Based on the principal angles, several distances can
be defined on the Grassmann manifold, with the
chordal distance being a commonly used metric:

2uv) =%"

1=1

sin? 6;. ®)

This distance admits a convenient matrix form
when orthonormal bases are used:

ZUV)=k— UV, (6)

where || - || denotes the Frobenius norm. The
chordal distance provides a computationally effi-
cient way to measure subspace discrepancy and
has been widely used in representation learning
and computer vision applications on Grassmann
manifolds (Harandi et al., 2013).
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In representation distillation, this framework pro-
vides a natural way to compare the geometric struc-
ture of embedding spaces. Instead of aligning indi-
vidual vectors only, one can compare the subspaces
spanned by collections of embeddings, allowing
the distillation process to preserve higher-level ge-
ometric relationships between representations.

3 Methodology

The goal of SUGAR is to compress a massive MRL
teacher into a lightweight student without compro-
mising the topological structure of its nested sub-
spaces. To achieve this, we first map the student’s
embeddings into the teacher’s ambient space via
a trainable linear projection layer. Subsequently,
the student is optimized end-to-end using a uni-
fied, multi-objective distillation strategy computed
across a predefined sequence of prefix dimensions.
This strategy orchestrates two complementary lev-
els of geometric alignment: (i) Spectral and Sub-
space Geometry Alignment, which preserves the
spectral capacity of each prefix via effective-rank
(eRank) matching and aligns the geometric orienta-
tions of the nested spaces via Grassmannian sub-
space distillation; and (ii) Local Fidelity and In-
cremental Novelty, which maintains local vector-
level fidelity via point-wise alignment and ensures
that progressively expanding prefix bands capture
genuinely novel, non-redundant semantic informa-
tion via orthogonal band regularization.

3.1 Problem Setup

Let fr and fg denote a frozen teacher and a train-
able student encoder that map an input z to dense
representations hy € RPT and zg € RPS. Since
Dg < D7, we project the student representation
into the teacher space using a learnable linear map-
ping W € RPs*Pr yielding hg = zsW. To
distill the multi-scale hierarchy of the Matryoshka
teacher, we define an ordered set of target dimen-
sions D = {di,da,...,dg}, where d; < --- <
dx = Dr. For any dimension d € D, we extract
the corresponding d-dimensional prefix by slicing
the ambient representations:

Sq = hgl: d], tq = hrl: d]. 7
All distillation objectives in the SUGAR framework
are computed over these matched pairs of prefix
slices (s4,t4) at every dimension d € D to ensure
the student faithfully inherits the teacher’s nested
multi-scale geometry.

3.2 Spectral and Subspace Geometry
Alignment

To faithfully transfer the Matryoshka structure,
the student must accurately mirror the teacher
at the macroscopic level of information density
and global spatial orientation. We achieve this
through a dual-alignment strategy combining in-
trinsic dimensionality matching and Grassmannian
subspace alignment.

3.2.1 Effective-Rank Matching for Spectral
Capacity

In addition to structural alignment, it is desirable to
preserve the intrinsic dimensionality of the repre-
sentation space. In practice, student representations
may concentrate variance along a limited number
of dominant directions, resulting in an underuti-
lization of the available embedding subspace. To
encourage a more balanced distribution of informa-
tion across dimensions, we introduce an intrinsic
dimensionality regularization that aligns the effec-
tive rank (eRank) of the teacher and student batch
representations. For a batch matrix H € R*¢,
let {0} denote the eigenvalues of its normalized
Gram matrix G = t HH ". The normalized spec-

trum is given by pp = ZU’“UV . The effective rank is
393

defined as the Shannon entropy of this spectrum:

eRank(H) = exp < - Zk Dk logpk). )

This metric continuously estimates variance dis-
persion, capturing the embedding space’s intrin-
sic dimensionality. Isotropic distributions span
all dimensions (eRank ~ d)), while anisotropic
ones concentrate along few directions (eRank <
d). Unlike point-wise regression, eRank match-
ing is rotation-invariant and dimension-agnostic,
handling student-teacher mismatches. Acting as a
structural regularizer, it encourages the student to
replicate the teacher’s spectral profile, optimizing
representational capacity and preserving informa-
tion across nested prefixes. The eRank distillation
loss is formulated via an L1 penalty on dimension-
normalized ranks:

£9 1

erank

(eRank(Sd) eRank(7y) ) ©)
d ’ d

where Sy, T,; € R?*? are the batch matrices of the

student and teacher prefixes, respectively.
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Figure 1: Overview of the SUGAR framework.

3.2.2 Geometry Alignment via Grassmannian
Manifold

While spectral capacity constraints ensure that the
student correctly populates the representational vol-
ume, they are fundamentally oblivious to the global
orientation of the underlying embedding manifold.
To truly replicate the Matryoshka structure, the stu-
dent’s subspace at every prefix dimension perfectly
aligns with the teacher’s geometric orientation. We
formalize this by minimizing the discrepancy be-
tween the subspaces spanned by their respective
batch representations on the Grassmann manifold.

Orthonormal Basis Extraction. To represent
the subspace spanned by a batch matrix H € R**¢
as a point on the Grassmannian Gr(r, d), we must
extract an orthonormal basis. We achieve this by
performing a thin QR decomposition on the trans-
posed batch matrix:

H'= QR, where Q€ ]Rdxmin(db)’ R e Rmin(d,b)xb

To isolate the true informational subspace from
computational noise, we retain only the columns
of @ whose corresponding diagonal entries in R
satisfy |R;;| > € (with e = 107%). This yields a
robust orthonormal basis U € R4*", where r <
min(b, d) represents the effective rank of the batch.

Generalized Chordal Distance and Geometric
Interpretation. A critical challenge in represen-
tation distillation is that the student and teacher
batches may span subspaces of different intrinsic
dimensionalities during training (rg # r7). To
mathematically resolve this, we employ a gener-
alized squared chordal distance. For the teacher’s

pre-computed basis Uy € R¥"7 and the student’s
basis Ug € R4¥"s | the Grassmannian distillation
loss for a prefix dimension d :
(d) T 2
ﬁgrass:T_ HUS UTHF (10)
where 7 = min(rg, r7). This formulation has pro-
found geometric implications. Mathematically, the
Frobenius norm term HU g UTHfJ is exactly equiva-
lent to the sum of squared cosines of the principal
angles between the two subspaces (3 _;_; cos? ;).
Consequently, minimizing this loss is analytically
equivalent to minimizing » ., sin? 6;.

While eRank regulates intrinsic variance within
the embedding space, the Grassmannian loss aligns
the global (d)-dimensional subspace of the student
with that of the teacher. This macroscopic align-
ment avoids overly rigid coordinate-level matching
that can overwhelm low-capacity students, allow-
ing the student to first organize its representation
space within a semantically valid volume before
finer local constraints are imposed. Moreover, the
orthonormal basis (Ur) acts as a low-rank approxi-
mation of the data manifold, preserving principal
semantic directions while filtering coordinate-level
noise. This denoised geometric alignment is espe-
cially important for Matryoshka distillation, where
nested embeddings require consistent semantic di-
rections across prefixes to avoid distortion under
dimensional truncation.

3.3 Local Fidelity and Incremental Novelty

Having aligned the macroscopic geometric struc-
ture, we now introduce microscopic constraints to
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anchor individual semantic coordinates and regu-
late the incremental information captured as prefix
dimensions expand.

3.3.1 Point-wise Alignment for Local Fidelity

At the most granular level, the student should pre-
serve the semantic similarities in the teacher’s em-
beddings. We enforce this by aligning the student’s
projected views with the teacher’s representations
using a cosine distance objective. For a prefix di-
mension d, the point-wise alignment loss over a
mini-batch of size b is:

d 1 b
Lp()ogm-wise = 8 Zi:l (1 - COS(Sd,ia td,i)) . (1D

Where s4; and t4; are the d-dimensional prefix
slices of the projected student and teacher embed-
dings for the ¢-th sample. This objective acts as
a local coordinate anchor, ensuring that individ-
ual data points are pinned to their correct semantic
locations within the subspace.

3.3.2 Orthogonal Band Regularization

Previous objectives do not explicitly govern the in-
cremental information added when expanding from
a smaller prefix d; to a larger d; 1. To avoid redun-
dancy, we introduce an orthogonal band regular-
ization that encourages new dimensions to capture
information not present in smaller prefixes.

For each consecutive dimension pair (d;, d;+1)
in D, we partition the embedding z € R into a
base prefix and an extension band:

refix
2P

_ d; band __ dit1—d;
7 _zlzdi ER Z? Zian - Zd¢+1:d¢+1€R i+l ‘.

Let P, € R¥di and B; € RP*(it1-di) denote
their respective mini-batch matrices. To compute
cross-correlation, we mean-center and column-
wise Lo-normalize both matrices:

P, — (PZ- _ %11TB)A,—Jj, (12)
B -

(BZ» — %11TBZ-)A§3, (13)
where 1 € R’ is a vector of ones, and Ap,, Ap,
are diagonal matrices containing the Ly-norms of
the mean-centered columns. The cross-correlation
matrix is given by C; = P: B; € R¥:*(dita—di),
We explicitly minimize its squared Frobenius norm
across all progressive expansions:

K-1
Lo 3 ICill%
ortho K_li:1 di‘(di+1—di)‘

(14)

Normalizing by the spatial dimensions ensures
scale invariance. By driving C; =~ 0, we force
new extension bands to be orthogonal to the prefix
space, improving representational density across
the hierarchy.

3.4 Final Objective Function

With the multi-scale geometric forces defined, we
now aggregate them to form the unified SUGAR
objective. As established in our problem for-
mulation, the Matryoshka representation space
is structured by an ordered set of nested dimen-
sions D = {dy,ds,...,di}, where 0 < d; <
de < --- < dg = D. The point-wise fidelity,
effective-rank matching, and Grassmannian sub-
space alignment objectives are initially computed
independently for each prefix dimension d € D.
To optimize the entire nested hierarchy simulta-
neously, we aggregate these scale-specific terms
by averaging them across all K target dimen-

1 () —
K ZdGD L point-wise’ Lerank =
d d

% 2 deD Eér;znkv Lorass = % 2 deD Eérgsv
Finally, the SUGAR framework unifies the multi-
scale geometric distillation objectives with the stan-

dard Matryoshka formulation (Lygry):

sions: Lpoint-wise =

L=alyrL+ (1 - a) (‘Cpoinl—wise +£erank+£grass) + Lortho

(15)
where « € [0, 1] balances the base MRL objective
and the distillation objectives

4 Experiments

4.1 Comparison Design

To rigorously isolate the benefits of our approach,
we compare SUGAR against two baseline cate-
gories. First, we compare against standard multi-
scale methods (MRL and ESE), with all models
initialized from the same pretrained backbones and
trained on the same corpus, highlighting the gains
from hierarchical distillation (Tables 1, 2). Second,
to show improvements come from SUGAR’s ge-
ometric alignment rather than teacher supervision
alone, we compare against state-of-the-art single-
scale KD methods (Table 3).

4.2 Experimental Setup

We evaluate embeddings across in-domain and out-
of-domain settings to assess both task performance
and generalization.
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Dim. Data | TinyBERT 6L | BERT | Data | TinyBERT 6L | BERT

‘ MRL ESE SUGARo. 6B SUGAR4p ‘ MRL ESE SUGARq .68 SUGAR4p I ‘ MRL ESE SUGARo.6B SUGAR4p ‘ MRL ESE SUGARo.6B SUGAR4 B
16 4064 4330 4038 4180 |4639 4586 4896  50.34 5807 5812 5807 5779 |60.13 6114 6234 6222
32 o | 6348 6378 6441 6596 | 6490 6639 6838  69.19 5985 5935 6079 60.07 | 6242 6264 6343 6477
64 " | 7489 7396 7744 7868 | 7684 7904 8048 8098 [ ., | 6135 5995 6193 6179 | 64.28 6357 6464  64.71
128 Z | 8197 8153 8522 8516 | 8349 8539 8601 8640 | I | 6278 6042 6286 6321 | 6524 66.14 6629 6571
256 5 | 8551 8576 8820 8822 | 8645 8759 8785 8823 6371 6076 6136 6229 | 6642 6692 6714  66.93
512 87.20 87.04 89.95 8957 |87.85 8893 8915  89.23 63.14 6150 6293  63.64 | 6585 6777 6823  68.29
768 87.70 88.89  90.01  89.93 | 8843 89.83 89.62  90.23 6307 6185 6350 6393 | 6591 6742 6933  69.07
16 5366 5271 57.33 5706 | 5596 5073 5076 5241 5007 5842 6404 6449 | 5935 6150 6511 6347
32 o 5908 59.07 6149 5999 | 60.51 5475 5584  571s 6508 6498 68.00  68.66 | 6334 6236  68.03  66.48
64 % | 6022 6516 6566 6513 | 65.68 6055 6274 6321 | i | 6847 6692 7030  7LO8 | 66.11 6207 70.56  68.94
128 8 | 6671 6675 6948  69.54 | 68.14 6551 6707 6717 | 2 |69.84 6873 7197 7209 | 6657 6674 TLS1 7049
256 2 | 6803 6993 7144 7194 | 6938 6873 6913 6959 | ¥ 6985 69.03 7153 7200 | 6723 6643 7222 7123
512 6825 69.32 7331 7273 | 7086 7022 7046 7151 7009 7057 7223 7239 | 6833 67.04 7260 716l
768 69.10 7002 7320 7351 | 7072 7075 7106 7192 7000 7067 7234 7247 | 6894 68.19 7250  71.59
16 6112 6512 7L77 7159 | 6593 6673 7078  7LI19 60.00 5745 5978 6193 | 6165 5939 6321  63.34
32 69.87 69.38 7403 7310 |70.11 7107 7206  73.16 6351 60.12 6783 6848 | 6509 6439 6829  68.46
64 QO | 7228 7012 7455 7374 | 7004 7257 7322 7368 | g, | 6545 6578 7195 7228 | 6732 6751 7065 7139
128 2 |7234 7280 7438 7438 | 7296 7171 7409 7432 | & | 6716 6852 7372 7392 | 6959 7042 7275 7339
256 = | 7252 7397 7409 7403 | 7298 7229 7386 7467 | Z | 6779 6836 7300 7317 | 7041 7091 7352 7415
512 7276 7431 7478 7420 | 7316 7327 7438 7449 68.85 6892 7460  74.60 | 7133 7083 7467 7523
768 7287 7402 7478 7461 | 7322 7246 7380  74.14 68.93 69.02 7455 7485 | 7130 7199 7440  75.14

Table 1: Results on in-domain datasets with TinyBERT 6L and BERT backbone embedding models.

Dim. Data | TinyBERT 6L | BERT | pata | TinyBERT 6L | BERT

‘ MRL ESE SUGARg ¢z SUGAR4p ‘ MRL ESE SUGARg 6z SUGAR4p I ‘ MRL ESE SUGARg 6z SUGAR4p ‘ MRL ESE SUGARp 6z SUGAR4p
16 5148 5090 5875  59.29 | 5513 5134 5910 59.29 5921 6026 6227 6225 | 5478 59.67 6081 6147
3 5525 5602 6441 6471 | 5978 5378 6284  63.10 6345 6563 68.10 6840 | 6096 6454 6710  67.10
64 & | 5567 5832 6745 6730 | 6124 5523 6438 6455 | 5 | 6629 6604 7225 7291 | 6345 68.15 7007  7LI10
128 £ [5980 6038 67.82 6848 | 6234 5997 6578 6618 | £ | 6790 68.12 7450 7442 | 6678 70.14 7206  73.07
256 6017 6123 6685 6817 | 64.13 6033 6547 6613 | £ |68.10 7055 7322 7347 |69.89 7082 7266 7337
512 6152 60.82 6679 6844 | 6509 6106 6598  66.66 68.60 70.87 7374 7450 | 70.60 7147 7298 7373
768 6178 64.16 6790  68.53 | 6484 6043 6486  65.70 68.69 7025 7375  74.63 | 7053 7054 7310 7397
16 5503 5351 6240 6145 | 6213 6048 6360  64.58 6043 6079 6392  64.60 | 6345 6406 6553  G4.ll
3 6348 6046 69.54 6951 | 6344 6578 6940  70.31 66.71 66.88 6745  68.07 | 6592 6677 6827  66.76
64 = | 6296 6456 7376 7413 | 6898 6897 7320 7440 | p | 6845 6830 6889  70.77 | 6825 69.09 70.58  68.93
128 £ | 67.88 6640 7544 7592 | 7097 7168 7480 7579 | B | 6982 6939 7171 7200 | 6961 7030 7141  70.88
256 | 67.80 68.53 7460 7560 | 7124 7232 7557 7642 | P | 69.87 69.63 7147 7193 | 7049 7108 7209 7110
512 68.96 69.65 7673 7631 | 7235 73.63 7594  76.54 7016 7038 7219 7234 | 7083 7148 7260  71.62
768 69.16 69.94 7684 7639 | 7356 7381 7651  77.32 70.10 7049 7228 7244 | 7098 7158 7256 716l
16 5042 5012 5438 5391 |5176 5420 5484 5571 3130 2976 2772 2854 2698 2795 2760  29.10
3 5367 5327 6099 5935 | 5478 5689 60.13  6L4l 37.94 3611 3641 3653 | 3687 3749 3421 3526
64 3 | 5957 57.64 6535 6505 | 60.88 6044 6329 6429 | £ | 4353 4429 4589 4479 | 4252 4461 4319 4476
128 £ | 6084 6142 673 6721 | 6205 6145 6444 6539 | F | 4950 5237 5077 5162 | 49.15 5037 4947 4933
256 | 6091 6236 6685 6698 | 63.68 6381 6554  66.60 | = |5392 5612 5757  57.02 | 5467 5433 5659  56.09
512 6222 6347 6750  67.56 | 6456 64.63 6659  67.04 56.39 56.82  60.39 5938 | 5598 5663 5856  57.75
768 6232 6385 67.56 6741 | 64.65 6485 6659  67.56 58.53 6043 6027  60.83 | 5408 5742 5865 5870
16 64.17 6384 6640 6595 | 6199 6478 6779  67.95 7225 7187 7262 7380 | 6845 69.61 7060  70.84
3 69.88 69.23 7381  74.03 | 7062 6946 7167  72.64 7492 7332 7658 7648 | 6878 7351 7371 7337
64 1w | 7251 7208 7645 7768 | 7326 7264 7536 7678 | = | 7540 7375 7733 7785 | 7134 7502 7460  75.82
128 £ |7324 7375 7857 7822 | 7528 7563 77.65 7896 | & | 7568 7490 7742 7841 | 7256 7577 7642 7672
256 | 7329 7612 7852 7840 | 7624 7693  79.14 8010 | A | 7592 7553 7606  77.01 | 7577 7629 77.03 7114
512 7387 7524 7909 7911 | 7673 7612 7912 80.22 7582 7577 7193 7845 | 7572 7638 7700 7742
768 7390 7624 7940 7981 | 7662 7694 7925  80.13 7590 7572 7780  78.08 | 7634 7685 78.65 7850

Table 2: Results on out-domain datasets with TinyBERT 6L and BERT backbone embedding models.

Task categories. We report results across three
representative task families, all of which rely crit-
ically on embedding quality. First, for Text Clas-
sification, we evaluate on TweetEval (Barbieri
et al., 2020), as well as Emotion and Banking77
from the MTEB benchmark (Muennighoff et al.,
2023). Second, regarding NLI, we consider MRPC
from GLUE (Wang et al., 2018), WiC (Pilehvar
and Camacho-Collados, 2019), and SciTail (Khot
et al., 2018). Finally, for Semantic Textual Sim-
ilarity (STS), we evaluate on STS-B and SICK
(Marelli et al., 2014) for in-domain testing, and ex-

tend to STS12-16 and SickR (Muennighoff et al.,
2023) for OOD evaluation. Additional details re-
garding model architectures, training procedures,
datasets, and evaluation protocols are provided in
Appendix A.

Baselines. We compare against SOTA Ma-
tryoshka baselines: MRL (Kusupati et al., 2022),
which learns nested prefixes via multi-scale super-
vision, and ESE (LI et al., 2025), which scales
across both dimensionality and model depth. These
provide a strong benchmark for evaluating low-
dimensional representation quality.
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Classification (F1)

NLI (Accuracy)

STS (Spearman)

‘ Domain Avg

| Emotion Tweet* Banking77* | Scitail WiC* MRPC* | SickR STS15

STSB* | Avg-In  Avg-Out | Avg.

Qwen3-Embedding 0.6B — Bert-base 109M

Teacher 64.13 71.30 92.08 8476  70.50  74.36 7206 7942 7590 | 76.83 75.09 76.06
Student base 51.08 67.13 86.21 7384 6329  68.49 58.65 6029 4729 | 66.48 60.97 64.03
SimCSE-unsup 56.02 69.42 89.06 7794 6350 7391 6724  77.06 6995 | 73.17 69.57 71.57
CDM 56.20 68.45 88.10 76.80 6490  73.15 6940 7775 6930 | 7278 70.04 71.56
DSKD 55.10 68.90 87.65 7620  65.10  71.05 68.10 7240 6585 | 71.71 67.95 70.04
Jasper and Stella 57.40 70.15 88.90 77.85 68.80  73.20 7195 78.60  73.10 | 74.83 71.45 73.33
DistillCSE 56.80 69.70 88.45 77.10 6795 7240 7025 76.80 7095 | 73.89 70.24 72.27
EMO 57.85 70.80 89.10 7820 68.15 7345 7240 7895  73.80 | 75.06 71.85 73.63
SUGAR (256) 56.59 69.13 87.85 77.03 67.14  73.86 72.09 79.14 73,52 | 74.30 71.21 72.93
SUGAR (512) 58.56 70.46 89.15 77.00 6823  74.38 72.60 79.12  74.67 | 7538 71.82 73.80
SUGAR (768) 58.65 71.06 89.62 78.65 69.33  73.80 72.56  79.25 7440 | 75.64 72.28 | 74.15

Table 3: Experimental results for Qwen3-Embedding 0.6B to Bert-base distillation. Datasets marked with * are
in-domain. All baselines are evaluated using full-dimensional embeddings.

4.3 Results

Tables 1 and 2 report results on both in-domain
and out-of-domain datasets. Using TinyBERT-
6L and BERT-base as student embedding mod-
els, SUGAR consistently outperforms or remains
competitive with strong baselines (MRL and ESE)
across all dimensional budgets, with the largest
gains at low dimensions (d = 16,32), high-
lighting the effectiveness of geometric distillation
under severe truncation. SUGAR also general-
izes well to unseen benchmarks, and distillation
from a larger teacher (SUGARA4B distilled from
Qwen3-Embedding-4B (Zhang et al., 2025b) ver-
sus SUGARQO.6B from Qwen3-Embedding-0.6B
(Zhang et al., 2025b)) further improves perfor-
mance. Additional results on larger student models
(e.g., BGEM3) are provided in Section B.

5 Ablation study

Comparison with distillation methods As
shown in Table 3, SUGAR achieves strong rep-
resentational efficiency: low-dimensional embed-
dings remain competitive with full-dimensional
KD baselines, while at equal maximum capacity,
SUGAR consistently outperforms state-of-the-art
KD methods on both in-domain and out-domain
benchmarks. This demonstrates its ability to pre-
serve the teacher’s nested subspace structure and
maintain high-quality embeddings under tight com-
putational constraints. Training details are pro-
vided in Section A.3.2.

Impact of each component in SUGAR Table
4 highlights that all components of SUGAR are
essential, with the full model performing best. Re-
moving point-wise alignment (Lpoint-wise) leads

to the largest drop, underscoring the role of local
semantic anchoring. Excluding macroscopic con-
straints (Lerank, Lgrass) degrades performance,
confirming the importance of global subspace align-
ment and avoiding collapse. Omitting orthogo-
nal regularization (Lortho) further reduces perfor-
mance, showing its role in minimizing redundancy.

»Cpoinl-wise Lerank Lgrass Eorlho‘MRPC Scitail STS15
Qwen3-Embedding 4B — Bert-base 109M

v v v | 7185 7392 7354
v vV | 7214 7443 7512
v vV 7245 74.68 7531
v oV v | 7282 7495 7573
v v vV | 7366 7569 76.68

Table 4: Ablation study of the SUGAR framework
showing the impact of each distillation component
(averaged across all dimensions).

6 Conclusion

We identify the limitations of single-scale distil-
lation for nested embeddings and formalize Ma-
tryoshka Representation Distillation. We pro-
pose SUGAR, a multi-objective framework com-
bining point-wise alignment, effective-rank match-
ing, Grassmannian alignment, and orthogonal reg-
ularization to preserve both semantics and hierar-
chy. Experiments show that SUGAR transfers large
models into compact students with strong perfor-
mance across dimensions.

7 Limitations

While SUGAR successfully distills Matryoshka
representations, we acknowledge a few limitations.
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First, the framework inherently relies on a pre-
trained MRL teacher to transfer multi-scale geome-
try, meaning the student’s representational quality
is upper-bounded by the teacher’s structural prop-
erties. Second, computing the macro-geometric
alignment objectives, specifically QR decompo-
sition and cross-correlation matrices, introduces
moderate computational overhead and memory us-
age during training, though it crucially adds zero
latency during inference. Finally, our current eval-
uations are primarily conducted on English text
representation benchmarks, leaving the exploration
of SUGAR’s applicability in cross-lingual, multi-
modal, and generative contexts to future work.
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A Experimental Details

A.1 Model Architectures

To evaluate the scalability and generalizability
of the SUGAR framework, we conduct distilla-
tion experiments using a diverse range of stu-
dent backbone architectures varying in size and
capacity. These student models include the com-
pact TinyBERT 6L, the standard 12-layer BERT-
base encoder, and the high-performance BGE-
Ma3. As our knowledge sources, we utilize mas-
sive, open-source embedding models that are inher-
ently pre-trained with Matryoshka representations,
specifically Qwen3-Embedding-0.6B and Qwen3-
Embedding-4B. By transferring the rich, multi-
scale geometry of these large-scale teacher models
into compact student encoders, we demonstrate that
SUGAR consistently optimizes the internal orga-
nization of semantic information regardless of the
target architecture’s depth or parameter count.

A.2 Detailed Dataset Statistics

We use a diverse collection of datasets for both
training and evaluation, covering text classification,
natural language inference (NLI), and semantic
textual similarity (STS). To build training data for
contrastive sentence representation learning, we
sample sentences from multiple task categories to
promote domain and objective diversity. Specifi-
cally, we collect 6,000 sentences from classification
datasets (3,000 per dataset), 3,000 sentence pairs
from STS datasets (1,500 per dataset), and 3,000
sentence pairs from pair classification datasets
(1,500 per dataset). All sentence pairs are flat-
tened into individual sentences, resulting in 24,000
unique sentences, which are then used to train
the backbone encoder with unsupervised SimCSE-
style contrastive learning under a unified training
framework. For evaluation, we test the trained
models on both in-domain test sets and unseen
out-of-domain datasets, including Emotion, Sci-
Tail, and multiple STS benchmarks (STS12-STS16
and SickR), which differ from the training data in
domain, style, and annotation protocol. Dataset
statistics are reported in Table 5, and all baseline
methods (MRL, ESE) are trained on the same train-
ing corpus and evaluated on the same set of test
datasets for fair comparison
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Dataset Train (Sampled) Test Size
Banking77 3,000 3,080
TweetEval 3,000 3434
Emotion (OOD) - 1,990
MRPC 1,500 1,730
WiC 1,500 1,400
SciTail (OOD) - 2,130
SICK 1,500 4,823
STS-B 1,500 1,390
STS12 (OOD) - 3,108
STS13 (OOD) - 1,500
STS14 (OOD) - 3,750
STS15 (O0OD) - 3,000
STS16 (OOD) - 1,186
SickR (OOD) - 9,927

Table 5: Dataset Statistics for training and test set

A.3 Training Configurations

A.3.1 Matryoshka experiment

The detailed training configurations for the
SUGAR framework across our various backbones
are summarized in Table 6. We maintain a consis-
tent setup to ensure a fair comparison across differ-
ent scales, applying specific hyperparameters like o
to trade off MRL and SUGAR losses. We explored
the loss balancing hyperparameter « over the set
{0.1,0.2,0.3,0.4,0.5,0.6,0.7}. The optimal con-
figurations for each backbone are also reported in
Table 6.

Hyperparameter Sensitivity. For the balancing
coefficient o, we performed a grid search over
{0.1,0.2,...,0.7} and observed relatively stable
performance across a broad range of values. Ta-
ble 7 reports results averaged across all evaluated
prefix dimensions (16, 32, 64, 128, 256, 512, 768)
on STSB, Emotion, and SICK using the Qwen3-
0.6B teacher with BERT-base student.

Task Objective Specification. In our experimen-
tal setting, the task-specific loss component within
the MRL objective (Eq. 2) is instantiated as
LsimcsE, the unsupervised contrastive loss adopted
from (Gao et al., 2022) . Given a batch of input sen-
tences, we feed them through the student encoder
twice with different standard dropout masks z, 2’
to obtain two views of embeddings e; and ef’. The

loss is formulated as:

. ’
esim(e7 e? )/T

N
Lsimcse = —~- »_log ——
N P Z;\/Zl emm(ei,ej )/T
(16)
where N is the batch size, 7 is the temperature hy-

perparameter, and sim(-) denotes cosine similarity.

A.3.2 Distillation experiments

Baselines. To thoroughly evaluate the proposed
framework, we compare it with representative
knowledge distillation methods across multiple lev-
els of granularity. For token-level KD, we consider
DSKD (Zhang et al., 2024), CDM (Chen et al.,
2025), and EMO (Truong et al., 2025), which trans-
fer knowledge by aligning fine-grained token repre-
sentations or relational structures between teacher
and student models. For sentence-level KD, we
benchmark against JASPER & STELLA (Zhang
et al., 2025a) and DISTILLCSE (Xu et al., 2023),
strong baselines that distill knowledge solely
through global sentence embeddings without token-
level supervision.

Training Configuration The detailed training
configurations for all methods are summarized in
Table 8. All knowledge distillation (KD) exper-
iments are conducted on the same dataset con-
structed as described in Section A.2, ensuring a
fair comparison across methods. Evaluation is the
same as in Section A.4.

Baseline Implementation Details To ensure a
rigorous evaluation, we adapt state-of-the-art gen-
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Configuration TinyBERT-6L. BERT-base BGE-M3
Epochs 5 5 5
Learning Rate 2 x107° 2x107%  2x107°
Max Length 256 256 256
Batch Size 16 16 16
LR Scheduler Cosine Cosine Cosine
Optimizer AdamW AdamW AdamW
Temperature (7) 0.05 0.05 0.05

o (MRL weight) 0.4 0.4 0.5

Table 6: Detailed training configurations for SUGAR across different backbones.

«a Value STSB Avg. Emotion Avg. SICK Avg. Overall Avg.
0.1 69.78 69.78 70.01 61.74
0.2 70.14 69.23 70.41 61.89
0.3 71.01 70.01 70.31 62.76
0.4 71.07 70.06 70.36 62.78
0.5 71.12 70.03 70.05 62.53
0.6 70.45 70.06 70.34 62.32
0.7 70.98 69.88 70.03 62.89

Table 7: Hyperparameter sensitivity analysis of the balancing coefficient o for SUGAR (Qwen3-0.6B teacher,
BERT-base student). Results are averaged across prefix dimensions {16, 32, 64, 128, 256, 512, 768}.

erative distillation methods to the discriminative
sentence embedding setting.

Contextual Dynamic Mapping (CDM). We ap-
ply CDM to align hidden representations H €
RB*LXD The original formulation relies on the
teacher’s predictive entropy to modulate the Dy-
namic Time Warping (DTW) alignment cost. How-
ever, since standard sentence encoders do not read-
ily output token-level vocabulary distributions, we
modify the cost function to utilize foken edit dis-
tance (Levenshtein distance). Specifically, we com-
pute a pairwise distance matrix between the student
and teacher token sequences and employ DTW to
identify the optimal monotonic alignment path that
minimizes the cumulative cost. Based on this path,
teacher hidden states are aggregated (via averaging)
to match the student’s sequence length, establish-
ing a synchronized one-to-one correspondence for
the final Mean Squared Error (MSE) loss.

Dual Space Knowledge Distillation (DSKD). We
extend DSKD to enforce geometric consistency
through a symmetric, bidirectional process. Unlike
standard unidirectional approaches, DSKD projects
representations into each model’s respective latent
space. We implement this at two granularities: (1)
Sentence-level: Global representations (e.g., [CLS]
tokens) are distilled via learnable linear projec-
tion heads to align the global semantic spaces. (2)

Token-level: To address the misalignment caused
by differing vocabularies and sequence lengths,
we incorporate Cross-Layer Attention (CLA) (Mu
et al., 2025). CLA computes an attention mech-
anism between the student’s and teacher’s inter-
mediate layers, allowing the student to reconstruct
fine-grained teacher features (and vice versa) with-
out requiring rigid token-to-token matching.

A.4 Evaluation

To assess the efficacy of the learned sentence em-
beddings, we conduct evaluations across three dis-
tinct categories of downstream tasks. First, for
classification tasks, we follow the standard pro-
tocol established by (Conneau and Kiela, 2018),
which involves training a Logistic Regression clas-
sifier on top of frozen sentence representations.
Second, in pair classification, we generate pre-
dictions by applying an optimal threshold to the
cosine similarity of the sentence pairs, measur-
ing performance via Accuracy. Finally, for Se-
mantic Textual Similarity (STS), we evaluate the
alignment between the embeddings’ cosine sim-
ilarity and human-annotated gold standards us-
ing Spearman correlation. For Matryoshka ex-
periments, we evaluate the quality of represen-
tations across a fixed set of nested dimensions
D = {16, 32,64,128,256,512,768,1024}. For
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Settings \ DSKD CDM EMO Stella & Jasper DistillCSE  SUGAR
Epoch 5 5 5 2 + 5 (two-stage) 5 5

LR 2x107°% 2x107° 2x107° 2x 1075 2x107% 2x107°
Batch Size 32 32 32 32 32 32
LR Scheduler Cosine Cosine Cosine Cosine Cosine Cosine

Table 8: Training configurations for different distillation and sentence embedding methods.

KD experiments, baseline methods are evaluated
using their full embedding dimensionality. Across
tasks, we report F1 Score for Text Classification,
Accuracy for NLI and pair classification tasks, and
Spearman Correlation Coefficient for STS bench-
marks

B Additional Results

To rigorously evaluate the scalability and architec-
tural generalizability of our framework, we extend
our distillation experiments to the larger and more
complex BGE-M3 (568M) backbone. Unlike com-
pact encoders such as TinyBERT, BGE-M3 pos-
sesses a significantly larger parameter space and
natively captures highly sophisticated semantic rep-
resentations, making it a challenging testbed for
representation distillation. As demonstrated in Ta-
bles 9 and 10, SUGAR consistently outpaces both
the standard MRL formulation and the competitive
Espresso (ESE) baseline across all evaluated prefix
dimensions. This consistent superiority is evident
not only on in-domain datasets—where the stu-
dent successfully replicates the teacher’s localized
semantic knowledge—but also broadly across out-
domain benchmarks, showcasing robust zero-shot
transferability and strong generalization.
Crucially, the performance advantages of our ap-
proach are maintained seamlessly from the most ag-
gressively compressed dimensions (e.g., d = 16 or
32) up to the full capacity of the 1024-dimensional
space. This observation validates that our dual-
level geometric alignment, operating at both the
macroscopic subspace level and the microscopic
point-wise level,effectively prevents dimensional
collapse and preserves the nested information hi-
erarchy, even when the student model has a vast
representational capacity. Overall, these findings
confirm that the effectiveness of SUGAR is highly
robust to the depth, size, and architectural com-
plexity of the target backbone. By successfully
transferring the multi-scale geometry of massive
LLM-based teachers into a high-performance stu-
dent encoder, our framework proves to be a highly
scalable solution for modern embedding deploy-

ment.

C Use of Large Language Models

We acknowledge the use of Large Language
Models (LLMs) during the preparation of this
manuscript. These tools were utilized strictly for
stylistic refinement, grammatical editing, and im-
proving the overall flow of the presentation. At no
point were LLMs used to conceptualize research
ideas, formulate hypotheses, or interpret experi-
mental findings. The authors remain fully account-
able for the integrity and accuracy of the final con-
tent.
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| BGE-M3 (568M) BGE-M3 (568M)

I Data |

Dim. Data
| MRL  ESE  SUGAR | | MRL  ESE  SUGAR
16 73.06 72.07 74.35 61.35 61.53 63.00
32 86.09 8491 86.38 61.78 6123 62.57
64 90.53  90.67 90.34 62.14 63.12 63.07
128 Banking77 | 92.10 92.02 92.77 | WiC | 63.85 64.32 64.87
256 9271 92.06 92.98 6421 64.28 63.71
512 9293 92.13 93.82 64.71 6421 65.21
1024 93.11 9225 93.67 6538 64.42 65.43
16 5691 5532 57.53 69.66 68.35 7291
32 6172 59.95 62.30 71.03 69.48 74.00
64 66.80 6595 66.70 71.63 70.27 75.09
128  TweetEval | 70.06 69.67 70.28 | SICK | 71.93 70.83 75.64
256 72.66 71.90 71.86 72.46 71.08 75.91
512 72.61 7269 73.83 7278 7124 76.02
1024 7295 74.13 75.87 7277 7123 76.23
16 6721 6743 69.22 7521 7396 76.46
32 67.36 67.65 69.57 77771 76.13  79.44
64 6747 67.69 68.99 79.50 77.61 81.05
128 MRPC |67.39 67.47 69.39 | STSB | 80.59 78.55 81.92
256 67.42 67.88 69.51 82.44 79.40 82.76
512 6771 67.59 69.39 81.28 80.94 82.88
1024 67.59 67.53 70.09 82.52 80.52 83.18

Table 9: Results on in-domain datasets comparing SUGAR with MRL and Espresso (ESE) using the BGE-M3
(568M) backbone.

BGE-M3 (568M) | BGE-M3 (568M)

Dim. Data | Data |

‘ MRL  Espresso SUGAR I ‘ MRL  Espresso SUGAR

16 6295 6197 70.59 73.16 72777 75.22
32 67.02 64.78 71.87 74.67 7554 79.21
64 67.99 6585 73.94 76.96 77.10 80.38
128 STS12 | 69.38 66.83 74.54 | STS16 |78.88 77.75 81.65
256 70.82 67.73 75.30 8091 78.48 81.97
512 71.64 68.80 75.59 82.13 80.20 81.99
1024 72.11 68.56 75.60 82.31 79.97 83.26
16 75.32 7332 73.89 7049 69.87 73.07
32 7720 75.60 78.84 73.43  72.06 74.49
64 79.66 77.88  80.90 75.43 72776  75.65
128 STS13 | 8096 7898 82.17 | SickR |76.52 75.12 76.35
256 8242 80.30 83.34 77.03 76.41 77.66
512 83.54 81.76 84.03 7756 76.55 77.89
1024 84.03 81.79 84.32 77.68 76.48 7791
16 67.07 65.03 67.85 29.92 2846 30.32
32 69.43 6728 70.15 36.94 3394 37.54
64 7246 6896 72.96 43.45 4453 4513
128 STS14 | 73.38 70.18 73.88 | Emotion | 49.84 50.05 51.84
256 7445 7139 7495 54.07 53.41 5691
512 7493 7245 7543 58.73 5559 60.35
1024 75.33 7235 75.83 61.39 60.12 6242
16 74.57 7544  75.94 80.62 80.47 82.78
32 78.46 7798 78.96 81.74 81.32 85.32
64 81.39 80.14 81.89 83.58 81.60 85.89
128 STS15 | 82.29 80.46 82.79 | SciTail | 84.43 82.03 87.25
256 8290 81.10 83.40 84.19 82.03 87.77
512 83.19 8145 83.69 85.03 82.30 88.19
1024 83.62 81.69 84.12 8546 82.69 88.24

Table 10: Results on out-domain datasets comparing SUGAR with MRL and Espresso using the BGE-M3 (568M)
backbone.
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