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Abstract
Representation learning is fundamental to NLP,
but building embeddings that work well at
different computational budgets is challeng-
ing. Matryoshka Representation Learning
(MRL) offers a flexible inference paradigm
through nested embeddings; however, learning
such structures requires explicit coordination
of how information is arranged across embed-
ding dimensionality and model depth. In this
work, we propose MIPIC (Matryoshka Rep-
resentation Learning via Self-Distilled Intra-
Relational Alignment and Progressive Informa-
tion Chaining), a unified training framework
designed to produce structurally coherent and
semantically compact Matryoshka represen-
tations. MIPIC promotes cross-dimensional
structural consistency through Self-Distilled
Intra-Relational Alignment (SIA), which aligns
token-level geometric and attention-driven rela-
tions between full and truncated representations
using top-k CKA self-distillation. Complemen-
tarily, it enables depth-wise semantic consol-
idation via Progressive Information Chaining
(PIC), a scaffolded alignment strategy that in-
crementally transfers mature task semantics
from deeper layers into earlier layers. Ex-
tensive experiments on STS, NLI, and classi-
fication benchmarks (spanning models from
TinyBERT to BGEM3, Qwen3) demonstrate
that MIPIC yields Matryoshka representations
that are highly competitive across all capaci-
ties, with significant performance advantages
observed under extreme low-dimensional.

1 Introduction

Learned dense representations are the cornerstone
of modern NLP (Mikolov et al., 2013; Pennington
et al., 2014; Devlin et al., 2019), yet their high com-
putational demands often limit deployment (Wang
et al., 2020). Matryoshka Representation Learning
(MRL) (Kusupati et al., 2022) addresses this by in-
troducing nested embeddings that enable adaptive
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inference-time truncation, allowing a single model
to satisfy diverse computational budgets without
retraining. Training effective Matryoshka represen-
tations, however, presents challenges that extend
beyond conventional embedding learning. Unlike
standard representations, MRL requires semantic
information to be explicitly organized such that
meaningful structure is preserved under progres-
sive dimensional truncation. Existing MRL for-
mulations (Kusupati et al., 2022; LI et al., 2025)
primarily enforce nested usability through indepen-
dent supervision at different truncation levels or
sentence-level alignment objectives. While such
strategies encourage prefix usability, they leave
open the broader question of how semantic infor-
mation should be internally arranged to support
robust Matryoshka structures. In particular, learn-
ing low-dimensional prefix embeddings that remain
semantically expressive requires the model to care-
fully organize semantic features across both em-
bedding dimensions and network layers, involving
a non-trivial restructuring of how information is
represented and propagated.

First, effective MRL can be viewed through the
lens of cross-dimensional structural alignment,
where low-dimensional prefixes are encouraged
to reflect not only sentence-level outputs but also
the internal relational structure (like token-level
geometric relationships, hidden states) of the full-
dimensional representations. From this perspec-
tive, aligning relational patterns across different
dimension spaces provides a natural way to sup-
port stable semantic behavior in compact prefixes.
Second, MRL may also be understood from the
perspective of involving depth-wise semantic con-
solidation, in which task-relevant information is
gradually condensed from deeper layers, where
representations are typically more expressive, into
earlier layers. This process is inherently progres-
sive: rather than emerging at a single truncation
point, core semantic features can be refined and
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transferred as information flows through the net-
work. Viewing Matryoshka training through this
lens highlights the benefits of intermediate guid-
ance that supports a smooth, coarse-to-fine refine-
ment of representations across depth.

Motivated by these considerations, we pro-
pose MIPIC (Matryoshka Representation Learn-
ing via Self-Distilled Intra-Relational Alignment
and Progressive Information Chaining), a unified
training framework that explicitly organizes in-
formation across both embedding dimensionality
and model depth, enabling the learning of struc-
turally coherent and semantically compact Ma-
tryoshka representations. To encourage cross-
dimensional structural consistency, MIPIC em-
ploys Self-Distilled Intra-Relational Alignment
(SIA). Rather than aligning representations solely
at the sentence level like prior MRL approaches
(Kusupati et al., 2022; LI et al., 2025), SIA focuses
on token-level intra-relations derived from geomet-
ric similarity and attention-based importance. Us-
ing Centered Kernel Alignment (CKA) (Kornblith
et al., 2019) with a hard top-k selection strategy,
SIA selectively aligns the most salient relational
patterns between full and truncated representations.
This targeted self-distillation goes beyond simple
alignment; it effectively reorganizes the internal
feature hierarchy, forcing critical semantic struc-
tures to be prioritized and concentrated within the
low-dimensional prefix dimensions. Complement-
ing cross dimensional alignment, MIPIC introduces
Progressive Information Chaining (PIC) to guide
the flow of semantic information across the network
depth. Unlike prior methods that restrict task super-
vision solely to the final representation, which can
be unstable when compressing rich knowledge into
narrow dimensions, PIC builds a scaffolded align-
ment pipeline in which each step acts as a semantic
bridge. This design is motivated by empirical find-
ings that lower Transformer layers predominantly
encode low level linguistic features such as syntax
and basic semantics, while higher layers increas-
ingly capture task specific and discriminative sig-
nals (Jawahar et al., 2019; Liu et al., 2019). By
propagating task aware cues from upper layers into
earlier ones, PIC performs a controlled early inter-
vention that gently biases the formation of low level
representations toward task relevant subspaces, en-
suring that useful discriminative structure is avail-
able from the beginning of the network processing.
Importantly, by aligning only the most essential

components of each layer representation, which
have been reorganized by SIA to concentrate the
most critical task relevant knowledge into a com-
pact subspace, PIC allows the remaining dimen-
sions to continue modeling low level and general
linguistic features. This selective supervision pre-
serves the model natural representational flexibility,
avoids over regularization, and enables a stable and
progressive refinement of task relevant information
across depth. Together, SIA and PIC provide a
principled training framework for MRL that ex-
plicitly organizes semantic information across both
dimensionality and depth.

Our main contributions are:

• We propose MIPIC, a unified framework
that addresses structural and semantic inco-
herence in MRL by explicitly coordinating
cross-dimensional alignment and depth-wise
information consolidation.

• We introduce two complementary mecha-
nisms: Self-Distilled Intra-Relational Align-
ment (SIA), which utilizes top-k CKA self dis-
tillation to enforce cross-dimensional topolog-
ical consistency via self-distillation, and Pro-
gressive Information Chaining (PIC), a scaf-
folded learning strategy that enables lower-
dimensional representations to acquire task-
relevant information early in training through
progressive semantic guidance across network
depth.

• We present extensive experiments on STS,
NLI, and text classification benchmarks show-
ing that MIPIC significantly improves repre-
sentation efficiency across diverse backbones,
from TinyBERT-6L and BERT-base to large-
scale models such as Qwen3 embedding 0.6B
and BGE-M3. MIPIC remains competitive at
full capacity while consistently outperforming
state-of-the-art baselines under severe trunca-
tion, particularly in low-dimensional regimes.

2 Related Work and Background

2.1 Related Works

Learning Sentence Embeddings Sentence em-
beddings have evolved from static word vectors
(Pennington et al., 2014; Mikolov et al., 2013) and
contextual models (Peters et al., 2018; Devlin et al.,
2019), which initially lacked optimized sentence-
level semantics. Sentence-BERT (Reimers and
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Gurevych, 2019) addressed this via siamese fine-
tuning, dramatically improving retrieval efficiency.
Subsequent work introduced contrastive learning
(Gao et al., 2022; Nishikawa et al., 2022) to en-
hance robustness, while recent advances leverage
Large Language Models to further refine repre-
sentation quality (He et al., 2025; BehnamGhader
et al., 2024; Tao et al., 2025; Li and Zhou, 2025).
More recently, embedding model distillation (or
LLM distillation) has emerged as a promising direc-
tion to transfer knowledge from large models into
efficient embedding architectures, leveraging tech-
niques such as intra-model relational alignment,
optimal transport, and layer-wise mixtures to en-
hance representation quality (Truong et al., 2025;
Vu et al., 2026; Nguyen et al., 2026). These dis-
tilled embeddings have demonstrated strong effec-
tiveness across downstream applications, including
cross-lingual retrieval, retrieval-augmented genera-
tion, event detection, and continual relation extrac-
tion, topic modelling (Hieu et al., 2025; Nguyen
et al., 2025b; Hai et al., 2026; Anh et al., 2025;
Le et al., 2025; Pham et al., 2025; Nguyen et al.,
2025a; Phat et al., 2026).

Matryoshka Representation Learning methods
While sentence embeddings have advanced signif-
icantly, their fixed dimensionality remains a com-
putational bottleneck at scale. Matryoshka Repre-
sentation Learning (MRL) addresses this by learn-
ing nested coarse-to-fine prefixes within a single
embedding, enabling low-dimensional prefixes to
function as standalone representations with only
O(log d) supervision points and no additional for-
ward passes (Kusupati et al., 2022). This design
enables substantial compression with minimal ac-
curacy loss and faster inference. Building on MRL,
Espresso Sentence Embeddings (ESE) further en-
hance scalability across depth and dimensionality
through learn to express and learn to compress
mechanisms (LI et al., 2025). Beyond sentence
embeddings, the Matryoshka principle has been
applied to image generation (Gu et al., 2024), mul-
timodal representation learning (Cai et al., 2024),
and multimodal LLMs (Hu et al., 2024).

2.2 Background

2.2.1 Matryoshka Representation Learning
Let an encoder fθ map an input sentence x to a
high-dimensional embedding z = fθ(x) ∈ RD.
In Matryoshka Representation Learning (Kusupati
et al., 2022) we fix an ordered set of nested prefix

dimensions D = {d1, d2, . . . , dn}, 0 < d1 < d2 <
· · · < dn = D, so that for each di ∈ D the trun-
cated embedding is the prefix z(di) := z1:di ∈ Rdi .
Each prefix z(di) is treated as an independent rep-
resentation used by a (possibly shared) task head
gϕi

: Rdi → Y and evaluated with a task loss
L(di)

task (x, y) = ℓ
(
gϕi

(z(di)), y
)

for a target y. The
Matryoshka training objective jointly supervises all
prefixes; a common choice is the unweighted sum

LMRL(θ, {ϕi}) =

n∑

i=1

E(x,y)∼Dtrain

[
L(di)

task (x, y)
]

(1)
or, when desired, a weighted variant∑n

i=1 αi E[L(di)
task ] with αi ≥ 0. By optimiz-

ing this objective, Matryoshka models learn
a single high-dimensional embedding whose
low-dimensional prefixes z(d1), . . . , z(dn−1) are
immediately usable as standalone embeddings at
inference time, avoiding extra forward passes.

Matryoshka Representation Learning (MRL) has
recently emerged as an effective paradigm for
structuring embedding spaces such that meaning-
ful representations are preserved across multiple
prefix dimensions (Kusupati et al., 2024; Li and
Zhou, 2025). Instead of optimizing solely for full-
dimensional performance, MRL explicitly enforces
that lower-dimensional subspaces remain semanti-
cally informative, enabling flexible trade-offs be-
tween efficiency and accuracy. This property is
particularly beneficial in large-scale retrieval and
resource-constrained scenarios, where smaller em-
beddings can significantly reduce memory footprint
and computation while maintaining competitive
performance. Prior works have shown that while
full-dimensional performance is often comparable
to standard embedding approaches, the key advan-
tage of MRL lies in its robustness under aggressive
dimensional truncation, making it a practical solu-
tion for adaptive and efficient inference.

2.2.2 Measuring Representational Similarity:
Centered Kernel Alignment (CKA)

Canonical Correlation Analysis (CCA) (Hardoon
et al., 2004) has been widely used to compare
learned representations by seeking linear projec-
tions that maximize correlation between two fea-
ture sets. However, CCA can be fragile in practice:
it is sensitive to simple transformations of the fea-
tures and can be costly to compute for very high-
dimensional activations common in deep models
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(Kornblith et al., 2019). Centered Kernel Align-
ment (CKA) (Kornblith et al., 2019) provides a
more robust and efficient alternative by shifting the
comparison from individual feature coordinates to
the pairwise similarity structure induced by each
representation. Given two representation matrices
X ∈ Rm×S and Y ∈ Rm×T for the same m inputs,
CKA builds kernel (Gram) matrices K and L with
entries Kij = k(xi, xj) and Lij = l(yi, yj), and
measures their dependence via the Hilbert–Schmidt
Independence Criterion (HSIC) after centering:

HSIC(K,L) =
1

(m− 1)2
tr(KHLH) (2)

where H = Im − 1
m11⊤ removes mean effects.

CKA then normalizes HSIC to obtain:

CKA(X,Y) =
HSIC(K,L)√

HSIC(K,K)HSIC(L,L)

(3)

3 Methodology

We introduce MIPIC, a framework designed to
synchronize the learning of nested representations
with the model’s internal information flow. Our
approach operates through two synergistic mech-
anisms: Self-Distilled Intra-Relational Alignment
(SIA) reorganizes the internal representation hier-
archy to prioritize core structural features within
low-dimensional subspaces, and Progressive In-
formation Chaining (PIC) establishes a scaffolded
pipeline to condense task-specific information into
these prioritized dimensions across the network’s
depth. Together, these components ensure that the
resulting embeddings are both structurally consis-
tent and semantically rich across all granularities.
The overall architecture is shown in Figure 1.

3.1 Preliminaries and Notation

Consider a Transformer-based encoder with L lay-
ers. Let the input sequence length be m, and the
model hidden dimension be D. We define a strictly
increasing sequence of nested feature sizes D =
{d1 < d2 < · · · < dn = D} and a corresponding
sequence of layer L = {l1 < l2 < · · · < ln} at
which both SIA and PIC mechanisms are applied.

3.2 SIA: Self-Distilled Intra-Relational
Alignment

Standard Matryoshka methods enforce nested-
ness by minimizing distances between sentence-

level vectors, often ignoring token-level infor-
mation. We propose SIA, which frames low-
dimensional prefix alignment as a reorganization
of internal information rather than mere distance
matching. Using layer-wise self-distillation, each
layer’s full-dimensional representation teaches its
lower-dimensional prefix, transferring only essen-
tial structural signals. SIA ensures truncated sub-
spaces preserve the intra-relational structure of the
full representation, emphasizing core information.
This is achieved via Attention Distribution Match-
ing and Top-k Hidden State Alignment with CKA.

3.2.1 Attention Distribution Matching
The core intuition of this module is to preserve
the relative importance ordering of tokens within
a sequence. We adopt a self-distillation strategy
where the full-dimensional representation acts as
a teacher to guide the lower-dimensional represen-
tation. Let hCLS ∈ RD and hj ∈ RD denote the
hidden states of the [CLS] token and the j-th con-
textual token in the full dimension D. The teacher’s
attention scores s(D)

j and the resulting distribution
aD serve as the ground truth for alignment:

s
(D)
j =

hCLS · hj√
D

, aD = softmax

(
s(D)

τ

)

(4)
For dim di, sliced tokens hj [1 : di] are up-projected
via a learnable matrix Pi ∈ Rdi×D. We use hCLS as
the query anchor since it encodes global sequence
semantics, deriving attention scores s(i)j that quan-
tify each token’s contribution:

s
(i)
j =

hCLS · P⊤
i h

(i)
j√

D
, ai = softmax

(
s(i)

τ

)

(5)
The matrix Pi is trained jointly with the backbone
to minimize the Kullback-Leibler (KL) divergence
between the student and teacher distributions:

L(i)
att =

∑

di∈D
KL(ai∥aD) (6)

We use the full-dimensional hCLS as a fixed se-
mantic reference during training. The similarity be-
tween each token and this [CLS] vector serves as an
estimate of the token importance. By aligning these
similarities across dimensions, we enforce a rank-
ing consistency constraint: the lower-dimensional
representation is encouraged to preserve the same
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Figure 1: Overview of MIPIC: The framework operates via two mechanisms:Vertical Alignment (PIC) and
Horizontal Alignment (SIA)

ordering of important tokens learned by the full-
dimensional model, so that the most informative
tokens remain emphasized even after compression.

3.2.2 Top-k Hidden State Alignment via CKA
Low-dimensional representations possess limited
capacity, making it impractical to encode exhaus-
tive token-level details without introducing noise.
We argue that forcing a small bottleneck to align
with the entire sequence leads to information sat-
uration. Instead, we use a Top-k Selection with
Centered Kernel Alignment (CKA) strategy to re-
organize information, focusing exclusively on a
compact subset of the most informative tokens.

Hard Top-k Selection For each truncated di-
mension di, we select the top ki tokens based
on their importance scores in aD, where ki in-
creases monotonically with di. This selective strat-
egy offers dual benefits: it significantly reduces
the computational overhead of the alignment pro-
cess and acts as a denoising filter, preventing low-
capacity prefixes from being saturated by irrele-
vant or redundant context. This also creates a
dual Matryoshka structure: low-dimensional cores
capture a coarse semantic skeleton, while higher-
dimensional spaces progressively incorporate finer
details. Crucially, the selected token sets are nested:
Sk1 ⊂ Sk2 ⊂ · · · ⊂ Skn ⊆ {1, . . . ,m}, where
Ski denotes the indices of the ki most important
tokens. This ensures that higher-capacity embed-

dings refine and enrich the semantic core learned
by lower-capacity ones, rather than relearning it.

Representation Consistency via Linear CKA.
Given these nested token subsets, we require an
alignment objective that enforces structural con-
sistency between the resulting student and teacher
representations, even though they differ in feature
dimensionality (di versus D). To this end, we adopt
Centered Kernel Alignment (CKA) with a linear
kernel, which measures similarity between repre-
sentation spaces in a dimension-agnostic manner.
We specifically choose the linear formulation for
its computational efficiency, which is critical when
scaling to LLMs. Let us define two kernel matrices:

pi = hih
⊤
i , Pi = HiH

⊤
i (7)

We extract the submatrices for the student hi ∈
Rki×di and the teacher Hi ∈ Rki×D using the
nested indices defined previously. First, we com-
pute the centered feature matrices h̃i and H̃i as:

h̃i = hi(Iki −
1

ki
11⊤), H̃i = Hi(Iki −

1

ki
11⊤)

(8)
where Iki is the identity matrix and 1 is a vector of
ones. For linear kernels, the HSIC can be efficiently
computed as (Kornblith et al., 2019):

HSIC(pi,Pi) =
∥∥∥cov(h̃⊤

i , H̃
⊤
i )
∥∥∥
2

F
(9)
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where cov(X,Y) = X⊤Y denotes the covariance
function. Moreover, from section 2.2.2, the Linear
CKA metric between hi and Hi is defined as:

CKA (hi,Hi) =
HSIC(pi,Pi)√

HSIC(pi,pi) ·HSIC(Pi,Pi)
(10)

Combining two equations Eq.9 and Eq.10, we ob-
tain the formulation of linear CKA between two
hidden state matrices:

CKA (hi,Hi) =
∥cov(h̃⊤

i ,H̃⊤
i )∥2

F

∥cov(h̃⊤
i ,h̃⊤

i )∥
F
·∥cov(H̃⊤

i ,H̃⊤
i )∥

F

(11)
Finally, at each di in the Matryoshka dimen-
sions, we define the CKA loss between the lower-
dimension full-dimensional hidden state:

L(i)
CKA = 1− CKA (hi,Hi) (12)

We minimize this loss to ensure that the lower-
dimensional bottleneck learns a geometric struc-
ture to that of the full-dimensional representation
space. By maximizing CKA on these nested sub-
sets, we ensure that the geometric relationships and
structural organization within the semantic core
are preserved robustly across all granularities. We
specifically adopt CKA because it provides a robust
measure of representational similarity that is in-
variant to orthogonal transformations and isotropic
scaling (Kornblith et al., 2019). This invariance
properties of CKA is particularly critical in our
framework, as we must simultaneously align multi-
ple nested dimensions of varying capacities.

3.2.3 Final SIA loss

We define the composite SIA loss at layer k by
integrating both attention-based importance and
CKA loss consistency across the entire Matryoshka
dimensions D = {d1 < d2 < · · · < dn = D}:

L(k)
SIA =

n∑

i=1

(L(i)
att + L(i)

CKA) (13)

The total SIA loss is then computed by summing
these local alignment constraints over the network’s
depth, specifically across the target layers L:

LSIA =
∑

k∈L
L(k)

SIA (14)

3.3 PIC: Progressive Information Chaining

Building upon the priority-based structure induced
by SIA, which reorganizes internal representations
to emphasize prefix dimensions, we introduce PIC
to guide the flow of semantic information across
network depth. While many existing MRL ap-
proaches apply task supervision primarily at the fi-
nal representation, such a design places the burden
of semantic compression at a single endpoint. PIC
instead adopts a scaffolded alignment pipeline
that provides intermediate guidance throughout the
network. Motivated by the progressive specializa-
tion of Transformer layers, PIC propagates task-
relevant cues from deeper layers to earlier ones,
enabling lower-dimensional representations to ac-
quire essential task semantics at early stages of
learning. Supervision is restricted to the compact
subspace reorganized by SIA, concentrating align-
ment on the most informative dimensions while
preserving low-level features and representational
flexibility in the remaining space.

Formal Objective. Let the scaffolding structure
be defined by a sequence of n checkpoints C =
{(li, di)}ni=1, ordered by depth and capacity such
that l1 < l2 < · · · < ln and d1 < d2 < · · · <
dn. Here, li denotes the layer index and di the
embedding dimension. We denote the truncated
[CLS] representation at checkpoint i as zi ∈ Rdi .

Our aim is to promote a progressive condensa-
tion of task-relevant information, such that each
checkpoint learns to supply the essential signals
required by the next, allowing early, low-capacity
representations to serve as reliable building blocks
for deeper ones. Intuitively, this can be framed as
encouraging high mutual information (MI) between
adjacent checkpoints: maximizing I(zi; zi+1) re-
quires that the earlier representation zi retain the
core features needed to predict the next represen-
tation zi+1. In the context of Matryoshka learning
this enforces a progressive condensation of task-
relevant signals rather than a single long semantic
jump from early checkpoints to the final output.
Since calculating exact MI is computationally im-
possible, we use InfoNCE as an approximation:

I(zi; zi+1) ≥ logN − LInfoNCE (15)

where N is the batch size. To bridge the dimen-
sionality mismatch (di ̸= di+1), we employ a
lightweight nonlinear projector ϕi : Rdi → Rdi+1

to map the lower-dimensional upstream represen-
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tation into the semantic space of the downstream
target. The local alignment loss for each step is:

L(i)
chain = −E

[
log exp(sim(ϕi(zi),zi+1)/τ)∑

z′∈Bi+1
exp(sim(ϕi(zi),z′)/τ)

]

(16)
where Bi+1 contains the positive pair zi+1 and
N−1 negative samples from the batch, and τ is the
temperature scaling parameter. The total Progres-
sive Information Chaining loss accumulates these
local alignment signals:

LPIC =
n−1∑

i=1

L(i)
chain (17)

This chain-based alignment fundamentally differs
from direct supervision by focusing on essential
information transfer. By aligning only the most
salient parts of adjacent layers via Mutual Informa-
tion, PIC excessive information loss while avoiding
the rigidity of element-wise matching. It ensures
that the early layers act as a flexible foundation,
organizing task-relevant features in a way that sup-
ports, rather than strictly replicates, the subsequent
refinement stages. This maintains the natural di-
versity of features across depth, leading to a more
robust final representation.

3.4 Overall Training Objective

The full objective of MIPIC integrates our proposed
self-distillation mechanisms with the standard Ma-
tryoshka formulation. The total loss is:

LMIPIC = αLMRL + (1− α)[LSIA + LPIC]
(18)

Here, LMRL denotes the Matryoshka task-specific
loss (like in Equation 1). One hyperparameter is
used: α ∈ [0, 1] trades off the MRL and MIPIC.

4 Experiments

4.1 Experimental Setup

We evaluate embeddings across in-domain and out-
of-domain settings to assess both task performance
and generalization.

Task categories. We report results across three
representative task families, all of which rely crit-
ically on embedding quality. First, for Text Clas-
sification, which requires models to capture the
overall semantics of a single text input, we evalu-
ate on TweetEval (Barbieri et al., 2020), as well as

Emotion and Banking77 from the MTEB bench-
mark (Muennighoff et al., 2023). Second, regard-
ing NLI, which focuses on modeling semantic rela-
tionships between two inputs, 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), which measures the ability to cap-
ture fine-grained semantic similarity, we evaluate
on STS-B and SICK (Marelli et al., 2014) for in-
domain testing, and extend to STS12–16 and SickR
(Muennighoff et al., 2023) for OOD evaluation. Ad-
ditional details regarding model architectures, train-
ing 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.

4.2 Results

Results for in-domain and out-of-domain bench-
marks (Table 1 and Table 2) indicate that MIPIC
achieves competitive or superior performance com-
pared to baselines, including Unsup SimCSE,
MRL, and Espresso. While maintaining compara-
ble efficacy at higher dimensions, the performance
gap becomes particularly distinct at extremely low
dimensions (16 and 32), demonstrating the frame-
work’s superior capability in semantic compression.
These trends hold consistent across TinyBERT and
BERT architectures. Furthermore, scalability eval-
uations on larger backbones such as BGEM3 and
Qwen3 0.6B (Appendix B) validate the method’s
robustness, confirming that while MIPIC maintains
parity with baselines in full-capacity regimes, it
significantly excels in retaining semantic density
under extreme truncation.

5 Analysis

We analyze the individual contributions of SIA and
PIC, alongside the effectiveness of our progressive
dimension scaling strategy to validate MIPIC’s de-
sign.

Impact of Framework Components Table 3
highlights the synergy between SIA and PIC. SIA is
vital for structural organization; its removal causes
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Datasets Dim. TinyBERT 6L BERT Datasets Dim. TinyBERT 6L BERT

Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC

Banking77

16 30.17 40.64 43.30 48.93 35.92 46.39 45.86 54.65

WIC

16 43.90 58.07 58.12 60.78 48.46 60.13 61.14 62.42
32 56.23 63.48 63.78 65.68 54.23 64.90 66.39 71.67 32 45.86 59.85 59.35 61.71 55.11 62.42 62.64 63.28
64 66.10 74.89 73.96 74.88 67.78 76.84 79.04 79.23 64 51.14 61.35 59.95 62.72 57.20 64.28 63.57 64.53

128 75.32 81.97 81.53 82.43 75.43 83.49 86.06 86.24 128 59.27 62.78 60.42 63.50 63.17 65.24 66.14 66.64
256 85.82 85.51 85.76 86.78 85.84 86.45 87.59 87.64 256 61.29 63.71 60.76 64.50 62.93 66.42 66.92 66.98
512 87.78 87.20 87.04 88.15 88.34 87.85 88.93 89.22 512 62.23 63.14 61.50 64.01 65.78 65.85 67.77 67.12
768 88.29 87.70 88.89 88.76 89.15 88.43 89.83 89.45 768 63.21 63.07 61.85 64.37 65.71 65.91 67.42 67.28

TweetEval

16 35.12 53.66 52.71 60.57 48.85 55.96 50.73 60.38

SICK

16 39.27 59.07 58.42 61.03 45.75 59.35 61.50 62.07
32 46.06 59.08 59.17 63.32 55.50 60.51 54.75 62.30 32 51.06 65.08 64.98 67.38 51.86 63.34 62.36 64.24
64 49.72 60.22 65.16 65.36 63.27 65.68 60.55 65.64 64 55.38 68.47 66.92 67.32 52.97 66.11 62.07 66.26

128 55.89 66.71 66.75 67.61 66.23 68.14 65.51 68.24 128 61.78 69.84 68.73 68.46 59.33 66.57 66.74 67.00
256 63.54 68.03 69.93 69.29 68.12 69.38 68.73 70.45 256 68.93 68.85 69.03 70.82 65.72 67.23 66.43 67.44
512 66.47 68.25 69.32 70.43 70.02 70.86 70.22 71.58 512 70.46 70.09 70.57 70.80 67.41 68.33 67.04 68.02
768 70.16 69.10 70.02 70.89 70.22 70.72 70.75 71.26 768 70.55 70.00 70.67 70.65 68.15 68.94 68.19 68.73

MRPC

16 51.32 61.12 65.12 72.34 57.83 65.93 66.73 72.46

STSB

16 45.63 60.00 57.45 62.43 49.24 61.65 59.39 63.43
32 57.34 69.87 69.38 74.02 66.72 70.11 71.07 73.33 32 58.78 63.51 60.12 65.47 51.34 65.09 64.39 66.16
64 68.25 72.28 70.12 74.55 70.53 70.14 72.57 73.68 64 58.37 65.45 65.78 67.37 61.22 67.32 67.51 68.02

128 68.15 72.34 72.89 73.97 73.56 72.96 71.71 74.02 128 60.83 67.16 68.52 68.81 67.53 69.59 70.12 70.55
256 71.82 72.52 73.97 74.37 73.73 72.98 72.29 74.14 256 66.61 67.79 68.36 69.18 68.23 70.41 70.91 70.10
512 72.16 72.76 74.31 74.67 74.08 73.16 73.27 74.62 512 67.82 68.85 68.92 69.54 70.67 71.33 70.83 71.22
768 72.51 72.87 74.02 74.60 74.02 73.22 72.46 74.44 768 69.45 68.93 69.02 69.74 71.58 71.30 71.99 71.96

Table 1: Results on in-domain datasets with TinyBERT 6L and BERT backbone embedding models. Bold indicates
the best result at the same representation size, backbone model, and dataset.

Datasets Dim. TinyBERT 6L BERT Datasets Dim. TinyBERT 6L BERT

Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC Unsup SimCSE MRL ESE MIPIC

STS12

16 45.68 51.48 50.90 59.34 47.88 55.13 51.34 62.08

STS16

16 51.26 59.21 60.26 61.05 50.78 54.78 59.67 64.32
32 47.09 55.25 56.02 61.60 53.84 59.78 53.78 64.87 32 53.46 63.45 65.63 66.23 53.34 60.96 64.54 68.00
64 53.48 55.67 58.32 62.70 61.22 61.24 55.23 65.88 64 60.72 66.29 66.04 68.43 57.23 63.45 68.15 69.32
128 59.50 59.80 60.38 63.74 65.45 62.34 59.97 66.32 128 66.98 67.90 68.12 69.86 65.89 66.78 70.14 70.30
256 61.14 60.17 61.23 63.82 65.83 64.13 60.33 67.08 256 67.25 68.10 70.55 69.92 66.86 69.89 70.82 70.86
512 61.77 61.52 60.82 64.14 66.16 65.09 61.06 67.55 512 68.94 68.60 70.87 70.57 70.25 70.60 71.47 70.78
768 62.19 61.78 64.16 64.57 66.31 64.84 60.43 67.64 768 69.26 68.69 70.25 70.93 71.07 70.53 70.54 71.56

STS13

16 49.58 55.03 53.51 64.30 55.34 62.13 60.48 65.39

SickR

16 57.35 60.43 60.79 61.17 55.67 63.45 64.06 64.78
32 50.60 63.48 60.46 67.51 61.23 63.44 65.78 68.81 32 66.01 66.71 66.88 67.45 57.23 65.92 66.77 67.34
64 58.43 62.96 64.56 68.57 67.88 68.98 68.97 71.22 64 68.43 68.45 68.30 67.93 60.86 68.25 69.09 70.89
128 60.93 67.88 66.40 68.73 71.09 70.97 71.68 71.87 128 70.02 69.82 69.39 70.73 64.23 69.61 70.30 70.43
256 61.24 67.80 68.53 69.84 71.88 71.24 72.32 72.62 256 70.20 69.87 69.63 70.55 66.78 70.49 71.08 72.56
512 67.92 68.96 69.65 70.22 72.13 72.35 73.63 73.33 512 70.49 70.16 70.38 71.03 67.34 70.83 71.48 71.78
768 70.54 69.16 69.94 70.87 74.78 73.56 73.81 73.49 768 70.58 70.10 70.49 71.94 67.89 70.98 71.58 72.56

STS14

16 49.35 50.42 50.12 57.27 50.67 51.76 54.20 56.93

Emotion

16 28.44 31.30 29.76 32.87 24.78 26.98 27.95 30.24
32 48.23 53.67 53.27 60.09 57.23 54.78 56.89 61.45 32 32.65 37.94 36.11 41.56 34.15 36.87 37.49 41.55
64 51.28 59.57 57.64 61.32 60.86 60.88 60.44 63.13 64 41.35 43.53 44.29 51.15 42.46 42.52 44.61 50.97
128 55.98 60.84 61.42 62.15 61.25 62.05 61.45 63.97 128 46.39 49.50 52.37 55.25 49.76 49.15 50.37 53.43
256 60.13 60.91 62.36 62.84 61.56 63.68 63.81 64.89 256 52.53 53.92 56.12 57.55 54.42 54.67 54.33 53.75
512 63.93 62.22 63.47 63.22 62.45 64.56 64.63 65.43 512 54.93 56.39 56.82 60.87 54.36 55.98 56.63 57.98
768 63.01 62.32 63.85 63.31 65.58 64.65 64.85 65.37 768 55.30 58.53 60.43 60.39 53.78 54.08 57.42 58.65

STS15

16 60.92 64.17 63.84 66.85 61.45 61.99 64.78 68.85

SciTail

16 65.34 72.25 71.87 73.97 66.34 68.45 69.61 72.48
32 65.45 69.88 69.23 71.05 65.34 70.62 69.46 71.35 32 66.45 74.92 73.32 75.54 70.12 68.78 73.51 74.01
64 69.32 72.51 72.08 73.20 65.78 73.26 72.64 74.47 64 70.73 75.40 73.75 75.67 71.23 71.34 75.02 73.96
128 70.54 73.24 73.75 74.41 66.23 75.28 75.63 74.72 128 71.88 75.68 74.90 75.78 74.78 72.56 75.77 75.89
256 74.76 73.29 76.12 75.21 71.32 76.24 76.93 75.94 256 72.45 75.92 75.53 75.97 76.95 75.77 76.29 77.24
512 75.38 73.87 75.24 76.23 74.56 76.73 76.12 76.38 512 72.84 75.82 75.77 75.34 76.66 75.72 76.38 76.89
768 75.43 73.90 76.24 76.34 77.39 76.62 76.94 76.22 768 75.54 75.90 75.72 75.61 76.57 76.34 76.85 76.54

Table 2: Results on out-domain datasets with TinyBERT 6L and BERT backbone embedding models. Bold
indicates the best result at the same representation size, backbone model, and dataset.

sharp drops at small sizes, proving geometric order
is key for information density. Meanwhile, PIC acts
as a semantic bridge to stabilize task knowledge
across layers. While SIA ensures geometric effi-
ciency, PIC prevents semantic loss in early stages.
Together, they enable a coarse-to-fine refinement
that maintains high quality at every dimension.

Effectiveness of Progressive Dimension Design
Table 4 shows that progressively increasing dimen-
sions works better than keeping all layers at full
size. Using full dimensions everywhere removes
the bottleneck needed for Matryoshka learning.
Our design forces early layers to pack the most
important information into small prefixes, then re-

Datasets Rep. size MIPIC MIPIC w/o SIA MIPIC w/o PIC

STS12

16 62.08 60.12 61.27
32 64.87 62.39 63.90
64 65.88 64.82 65.54
128 66.32 65.34 65.72
256 67.08 66.87 66.97
512 67.55 66.43 67.12
768 67.64 67.12 67.53

TweetEval

16 60.38 57.12 59.13
32 62.30 59.32 61.87
64 65.64 65.02 65.11
128 68.24 67.35 67.92
256 70.45 69.54 70.12
512 71.58 70.24 71.55
768 71.26 70.22 70.37

Table 3: Ablation study results showing the impact of
SIA and PIC. “w/o” denotes “without”.
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fine it later. This leads to more stable and effective
representations. Without this constraint, the model
does not learn to focus on key information early,
which hurts performance.

Datasets Rep. size Our design All dim equal

STS12

16 62.08 61.98
32 64.87 63.12
64 65.88 64.77

128 66.32 66.12
256 67.08 66.52
512 67.55 67.12
768 67.64 67.56

Tweet Eval

16 60.38 58.99
32 62.30 61.97
64 65.64 65.33

128 68.24 67.92
256 70.45 70.08
512 71.58 71.26
768 71.26 71.15

Table 4: Ablation study on PIC design. “Our design”
uses progressive dimension scaling across layers, while

“All dim equal” maintains full dimensions at every
stage.

Training time analysis We explicitly analyze
the computational cost of our framework compared
to the MRL and ESE baselines using the BERT-
base backbone. The training throughput (measured
in iterations per second and samples per second)
is reported in Table 5. As indicated in Table 5,

Method Iterations / s Throughput (sample/s)

MRL 7.61 121.76
ESE 5.24 83.84
MIPIC (Ours) 2.88 46.08

Table 5: Training efficiency comparison on the
BERT-base backbone. MIPIC incurs higher training

latency due to the computation of auxiliary alignment
losses (SIA and PIC).

MIPIC exhibits a lower training throughput com-
pared to baselines. Specifically, our method oper-
ates at approximately 2.88 iterations/s, represent-
ing a reduction of roughly 45% compared to ESE
(5.24 it/s) and 62% compared to the standard MRL
(7.61 it/s). This increased overhead is expected,
as MIPIC requires additional forward passes and
gradient computations for the multi-layer align-
ment objectives (SIA and PIC) involving CKA and
InfoNCE calculations. However, it is crucial to
distinguish between training cost and inference la-
tency. The computational overhead shown above

is strictly a one-time training investment. Struc-
turally, MIPIC does not introduce any additional
parameters or modules to the backbone encoder
during inference. All auxiliary projectors (e.g.,
Pi in SIA, ϕi in PIC) are discarded after training.
Consequently, a deployed MIPIC model possesses
zero additional inference latency compared to a
standard backbone model. Given that representa-
tion models are typically trained once but queried
millions of times, we argue that the increased train-
ing time is a justifiable trade-off for the significant
gains in representation quality and compression
efficiency demonstrated in our main experiments.

6 Conclusion

We proposed MIPIC, a framework that coordinates
Matryoshka Representation Learning across both
embedding dimensions and network depth. By
combining Self-Distilled Intra-Relational Align-
ment (SIA) for structural consistency and Progres-
sive Information Chaining (PIC) for semantic con-
solidation, MIPIC establishes a global chaining
of task signals. Extensive experiments on mod-
els ranging from TinyBERT to Qwen3 and BGE-
M3 show that MIPIC remains robustly competitive
with state-of-the-art baselines at full capacity, while
achieving superior efficacy in extreme 16 and 32-
dimensional compression.

7 Limitations

Despite its effectiveness, MIPIC introduces certain
limitations, primarily the increased computational
overhead during the training phase due to the calcu-
lation of auxiliary CKA and InfoNCE losses across
multiple layers. The framework’s performance also
relies on the careful tuning of hyperparameters and
the strategic selection of layer checkpoints, which
may require additional optimization when adapt-
ing to backbone architectures with different depths.
Furthermore, while we validated MIPIC on a wide
array of discriminative NLP tasks using encoder-
based models, its utility in decoder-only generative
scenarios or multi-modal settings has not yet been
explored. Lastly, our current progressive dimension
scaling design represents a specific configuration
for depth-wise transfer, and alternative scheduling
methods for information condensation could poten-
tially yield different results.
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A Experimental Details

A.1 Model Architectures
To evaluate the scalability and generalizability of
the MIPIC framework, we conduct experiments
across a diverse range of backbone architectures
varying in size and complexity. These include the
compact TinyBERT-6L with 6 Transformer lay-
ers, the standard 12-layer BERT-base encoder, and
modern large-scale models such as the Qwen3-
0.6B embedding and the high-performance BGE-
M3. By spanning from small-scale encoders
to large-scale language model embeddings, we
demonstrate that MIPIC consistently optimizes the
internal organization of semantic information re-
gardless of the model’s depth or total 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 6, 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

A.3 Training Configurations

The detailed training configurations for the MIPIC
framework across our various backbones are sum-
marized in Table 7. We maintain a consistent
setup to ensure a fair comparison across different
scales, applying specific hyperparameters like α
to trade off MRL and MIPIC losses. We explored
the loss balancing hyperparameter α 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 7.

Task Objective Specification. In our experimen-
tal setting, the task-specific loss component within
the MRL objective (Eq. 1) 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, z′

to obtain two views of embeddings ezi and ez
′

i . The
loss is formulated as:

LSimCSE = − 1

N

N∑

i=1

log
esim(ezi ,e

z′
i )/τ

∑N
j=1 e

sim(ezi ,e
z′
j )/τ

,

(19)
where N is the batch size, τ is the temperature hy-
perparameter, and sim(·) denotes cosine similarity.

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 predic-
tions by applying an optimal threshold to the co-
sine similarity of the sentence pairs, measuring
performance via Accuracy. Finally, for Semantic
Textual Similarity (STS), we evaluate the align-
ment between the embeddings’ cosine similarity
and human-annotated gold standards using Spear-
man correlation. In our method, all models are
fully fine-tuned using the unified objective Ltotal.
We evaluate the quality of Matryoshka represen-
tations across a fixed set of nested dimensions
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Table 6: Dataset Statistics for training and test set

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 (OOD) - 3,000
STS16 (OOD) - 1,186
SickR (OOD) - 9,927

Table 7: Detailed training configurations for MIPIC across different backbones.

Configuration TinyBERT-6L BERT-base Qwen3-0.6B BGE-M3

Epochs 5 5 5 5
Learning Rate 2× 10−5 2× 10−5 2× 10−5 2× 10−5

Max Length 256 256 256 256
Batch Size 16 16 16 16
LR Scheduler Cosine Cosine Cosine Cosine
Optimizer AdamW AdamW AdamW AdamW
Temperature (τ ) 0.05 0.05 0.05 0.05
α (MRL weight) 0.4 0.4 0.5 0.5

D = {16, 32, 64, 128, 256, 512, 768/1024}. For
Text Classification, we report F1 Score. For NLI
tasks, we report Accuracy. For Semantic Textual
Similarity (STS) benchmarks, we report the Spear-
man Correlation Coefficient.

A.5 SIA and PIC hyperparameters

Top-k Schedule Specification. To ensure re-
producibility and robustness, we implement a
deterministic linear schedule for the token se-
lection threshold ki. For our standard back-
bone configurations with a representation hier-
archy D = {16, 32, 64, 128, 256, 512, 768}, we
align the first 6 lower-dimensional prefixes against
the full-dimensional teacher. We set ki =
max(8, ⌈γi ·m⌉), where m is the sequence length.
The ratio γi increases monotonically with the
dimension size: specifically, we utilize γ =
[0.2, 0.3, 0.4, 0.5, 0.6, 0.7] corresponding to the di-
mensions [16, 32, 64, 128, 256, 512]. This sched-

ule ensures that the most compressed representa-
tions (d = 16) focus on the top 20% salient tokens,
while larger prefixes progressively incorporate up
to 70% of the context, with a minimum floor of
kmin = 8 tokens to preserve basic sentence struc-
ture in short inputs.

Layers and checkpoints applied in MIPIC In
our framework, let L denote the set of layers
applied in MIPIC, and C represent the set of check-
points applied in PIC, defined as tuples (d, l) where
d indicates the target dimension and l corresponds
to the layer index. The specific configurations of L
and C are adapted to the architecture and depth of
each model. For TinyBERT-6L, we utilize all lay-
ers, setting L = {1, 2, 3, 4, 5, 6} with checkpoints
C = {(16, 1), (32, 2), (64, 3), (256, 4), (512, 5),
(768, 6)}. For BERT-base, we select distributed
layers L = {2, 4, 6, 8, 9, 10, 12}, associated with
C = {(16, 2), (32, 4), (64, 6), (128, 8), (256, 9),
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(512, 10), (768, 12)}. For the larger BGE-M3
model, we employ L = {1, 4, 7, 11, 15, 19, 24}
and checkpoints C = {(16, 1), (32, 4), (64, 7),
(128, 11), (256, 15), (512, 19), (1024, 24)}. Fi-
nally, for Qwen3, the configuration is set to
L = {2, 6, 12, 16, 20, 24, 28} with C = {(16, 2),
(32, 6), (64, 12), (128, 16), (256, 20), (512, 24),
(1024, 28)}.

Our code is available at: https://github.com
/tmp0810/Matryoshkha-Representation-Lea
rning-self-distilled.

B Additional ablation study

The expansion of our experiments to high-capacity
models, specifically Qwen3-0.6B embedding and
BGE-M3, confirms the scalability and robustness
of the MIPIC framework. The results demon-
strate that the synergy between Self-Distilled Intra-
Relational Alignment (SIA) and Progressive Infor-
mation Chaining (PIC) remains highly effective as
model parameters and depth increase, transitioning
successfully from standard encoders to large-scale
architectures. Extensive evaluations across nearly
all benchmarks indicate that MIPIC consistently
outperforms established baselines such as MRL
and ESE. This persistent superiority suggests that
our global chaining strategy effectively captures
and organizes the complex semantic structures in-
herent in larger models, ensuring that task-specific
signals are preserved throughout the network’s in-
ternal representation hierarchy regardless of the
model size. Key observations from the large-scale
evaluation highlight the remarkable resilience of
MIPIC under extreme dimensional compression
and its enhanced generalization capabilities. The
performance gap between MIPIC and other meth-
ods is most pronounced at extremely low dimen-
sions, such as 16 and 32, where it effectively con-
denses vast knowledge into compact prefixes while
maintaining high task awareness. Furthermore, on
out-of-domain (OOD) datasets like STS12–16 and
SciTail, MIPIC maintains a consistent accuracy
lead over current state-of-the-art baselines. This
confirms that the depth-wise semantic consolida-
tion provided by PIC allows large backbones to re-
tain a stable semantic bridge, ensuring that even the
most compressed representations remain grounded
in robust, generalized knowledge across diverse
tasks and domains.

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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Table 8: Performance comparison on in-domain datasets using BGEM3 and Qwen 3 (0.6B) backbones. Bold
indicates the best performance for a given representation size.

BGEM3 Qwen BGEM3 Qwen

Dataset Dim MRL ESE MIPIC MRL ESE MIPIC Dataset Dim MRL ESE MIPIC MRL ESE MIPIC

Banking77

16 73.06 72.07 75.38 55.02 56.94 58.45

WiC

16 61.35 61.53 61.92 61.71 62.92 63.71
32 86.09 84.91 86.48 77.72 78.29 78.51 32 61.78 61.23 62.45 63.78 63.64 64.35
64 90.53 90.67 90.74 84.31 83.44 85.82 64 62.14 63.12 63.91 64.57 64.35 66.28
128 92.10 92.02 92.94 87.87 87.25 88.84 128 63.85 64.32 64.57 64.42 64.14 65.79
256 92.71 92.06 92.89 89.62 89.67 90.55 256 64.21 64.28 64.69 65.00 64.07 66.21
512 92.93 92.13 92.98 91.61 91.42 91.32 512 64.71 64.21 65.04 64.57 64.42 66.42
1024 93.11 92.25 92.81 91.81 91.98 92.16 1024 65.38 64.42 65.58 63.28 64.14 66.07

TweetEval

16 56.91 55.32 58.08 55.15 53.35 57.96

SICK

16 69.66 68.35 69.89 64.15 64.45 66.37
32 61.72 59.95 61.82 61.83 59.11 62.13 32 71.03 69.48 71.08 68.32 67.66 69.14
64 66.80 65.95 67.43 64.63 63.24 65.41 64 71.63 70.27 71.92 69.12 68.92 69.89
128 70.06 69.67 70.98 67.51 65.99 68.35 128 71.93 70.83 72.50 69.68 69.54 69.79
256 72.66 71.90 72.84 70.23 67.21 70.91 256 72.46 71.08 72.84 69.45 69.74 69.82
512 72.61 72.69 72.98 71.09 69.67 71.83 512 72.78 71.24 73.14 69.53 69.03 69.98
1024 72.95 74.13 73.56 71.82 69.32 71.94 1024 72.77 71.23 73.15 69.33 69.09 69.76

MRPC

16 67.21 67.43 67.65 68.11 67.18 69.69

STSB

16 75.21 73.96 76.81 67.83 67.66 68.44
32 67.36 67.65 67.69 68.34 67.24 69.15 32 77.71 76.13 78.30 71.82 70.55 72.65
64 67.47 67.69 67.73 68.63 67.59 69.57 64 79.50 77.61 80.30 73.22 72.39 74.36
128 67.39 67.47 67.71 69.04 67.53 69.10 128 80.59 78.55 81.27 75.17 74.82 75.99
256 67.42 67.88 67.76 68.75 67.65 70.68 256 82.44 79.40 82.20 75.67 74.05 75.92
512 67.71 67.59 67.89 70.45 67.88 70.21 512 81.28 80.94 83.07 76.07 74.03 76.65
1024 67.59 67.53 67.97 70.98 68.05 70.73 1024 82.52 80.52 83.39 75.76 74.29 76.85

Table 9: Performance comparison on out-of-domain datasets using BGEM3 and Qwen 3 (0.6B) backbones. Bold
indicates the best performance for a given representation size.

BGEM3 Qwen BGEM3 Qwen

Dataset Dim MRL ESE MIPIC MRL ESE MIPIC Dataset Dim MRL ESE MIPIC MRL ESE MIPIC

STS12

16 62.95 61.97 63.87 59.41 58.10 62.96

STS16

16 73.16 72.77 74.56 67.39 67.98 68.17
32 67.02 64.78 67.67 63.70 61.15 65.71 32 74.67 75.54 75.68 70.88 70.12 71.85
64 67.99 65.85 68.51 65.93 63.30 66.61 64 76.96 77.10 78.13 72.84 71.63 74.41
128 69.38 66.83 69.90 67.31 66.89 68.28 128 78.88 77.75 79.26 74.29 73.28 75.85
256 70.82 67.73 71.06 68.48 69.68 70.93 256 80.91 78.48 80.93 75.00 74.71 76.67
512 71.64 68.80 71.76 68.93 68.01 70.85 512 82.13 80.20 82.21 75.26 75.61 77.31
1024 72.11 68.56 72.45 70.74 69.28 70.31 1024 82.31 79.97 82.10 74.60 75.80 76.83

STS13

16 75.32 73.32 76.04 67.83 68.09 69.23

SickR

16 70.49 69.87 72.42 63.81 63.52 65.62
32 77.20 75.60 78.76 70.71 70.58 73.59 32 73.43 72.06 74.83 67.81 66.95 68.32
64 79.66 77.88 80.02 73.65 73.23 76.94 64 75.43 72.76 76.64 69.08 68.96 69.69
128 80.96 78.98 81.15 75.27 75.89 77.35 128 76.52 75.12 77.31 69.75 69.63 69.87
256 82.42 80.30 82.49 77.09 76.16 77.48 256 77.03 76.41 77.34 69.63 69.89 69.96
512 83.54 81.76 83.68 78.52 77.82 78.63 512 77.56 76.55 77.43 69.76 69.14 69.75
1024 84.03 81.79 84.97 79.51 78.51 78.82 1024 77.68 76.48 77.45 69.56 69.65 69.53

STS14

16 67.07 65.03 68.33 59.40 59.97 60.85

Emotion

16 29.92 28.46 30.83 29.39 28.62 31.35
32 69.43 67.28 70.65 61.20 62.14 63.14 32 36.94 33.94 38.94 39.93 39.61 41.92
64 72.46 68.96 72.73 64.43 63.68 65.43 64 43.45 44.53 46.08 47.44 48.42 48.03
128 73.38 70.18 73.83 66.01 66.95 67.76 128 49.84 50.05 52.40 54.75 51.51 55.61
256 74.45 71.39 74.75 67.44 67.32 68.94 256 54.07 53.41 57.33 58.44 59.33 58.77
512 74.93 72.45 72.28 68.73 68.57 68.06 512 58.73 55.59 60.67 62.81 64.79 61.52
1024 75.33 72.35 75.65 69.59 69.14 69.97 1024 61.39 60.12 62.45 66.42 66.26 65.15

STS15

16 74.57 75.44 76.79 67.39 68.85 71.61

SciTail

16 80.62 80.47 82.47 80.04 80.49 82.42
32 78.46 77.98 79.05 70.88 71.11 73.85 32 81.74 81.32 84.24 82.59 81.74 83.44
64 81.39 80.14 81.94 72.84 72.42 75.14 64 83.58 81.60 84.51 83.67 82.32 84.23
128 82.29 80.46 83.10 74.29 74.29 77.66 128 84.43 82.03 84.76 84.24 83.50 84.69
256 82.90 81.10 83.74 75.00 75.25 78.83 256 84.19 82.03 84.57 84.36 83.55 84.79
512 83.19 81.45 84.22 75.26 76.44 79.04 512 85.03 82.30 85.08 84.38 84.16 84.65
1024 83.62 81.69 84.45 74.60 76.86 79.12 1024 85.46 82.69 85.13 84.28 84.21 84.54
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