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Abstract

Representation learning is fundamental to NLP,001
but building embeddings that work well at002
different computational budgets is challeng-003
ing. Matryoshka Representation Learning004
(MRL) offers a flexible inference paradigm005
through nested embeddings; however, learning006
such structures requires explicit coordination007
of how information is arranged across embed-008
ding dimensionality and model depth. In this009
work, we propose MIPIC (Matryoshka Rep-010
resentation Learning via Self-Distilled Intra-011
Relational Alignment and Progressive Informa-012
tion Chaining), a unified training framework013
designed to produce structurally coherent and014
semantically compact Matryoshka represen-015
tations. MIPIC promotes cross-dimensional016
structural consistency through Self-Distilled017
Intra-Relational Alignment (SIA), which aligns018
token-level geometric and attention-driven rela-019
tions between full and truncated representations020
using top-k CKA self-distillation. Complemen-021
tarily, it enables depth-wise semantic consol-022
idation via Progressive Information Chaining023
(PIC), a scaffolded alignment strategy that in-024
crementally transfers mature task semantics025
from deeper layers into earlier layers. Ex-026
tensive experiments on STS, NLI, and classi-027
fication benchmarks (spanning models from028
TinyBERT to BGEM3, Qwen3) demonstrate029
that MIPIC yields Matryoshka representations030
that are highly competitive across all capaci-031
ties, with significant performance advantages032
observed under extreme low-dimensional.033

1 Introduction034

Learned dense representations are the cornerstone035

of modern NLP (Mikolov et al., 2013; Pennington036

et al., 2014; Devlin et al., 2019), yet their high com-037

putational demands often limit deployment (Wang038

et al., 2020). Matryoshka Representation Learning039

(MRL) (Kusupati et al., 2022) addresses this by in-040

troducing nested embeddings that enable adaptive041

inference-time truncation, allowing a single model042

to satisfy diverse computational budgets without 043

retraining. Training effective Matryoshka represen- 044

tations, however, presents challenges that extend 045

beyond conventional embedding learning. Unlike 046

standard representations, MRL requires semantic 047

information to be explicitly organized such that 048

meaningful structure is preserved under progres- 049

sive dimensional truncation. Existing MRL for- 050

mulations (Kusupati et al., 2022; LI et al., 2025) 051

primarily enforce nested usability through indepen- 052

dent supervision at different truncation levels or 053

sentence-level alignment objectives. While such 054

strategies encourage prefix usability, they leave 055

open the broader question of how semantic infor- 056

mation should be internally arranged to support 057

robust Matryoshka structures. In particular, learn- 058

ing low-dimensional prefix embeddings that remain 059

semantically expressive requires the model to care- 060

fully organize semantic features across both em- 061

bedding dimensions and network layers, involving 062

a non-trivial restructuring of how information is 063

represented and propagated. 064

First, effective MRL can be viewed through the 065

lens of cross-dimensional structural alignment, 066

where low-dimensional prefixes are encouraged 067

to reflect not only sentence-level outputs but also 068

the internal relational structure (like token-level 069

geometric relationships, hidden states) of the full- 070

dimensional representations. From this perspec- 071

tive, aligning relational patterns across different 072

dimension spaces provides a natural way to sup- 073

port stable semantic behavior in compact prefixes. 074

Second, MRL may also be understood from the 075

perspective of involving depth-wise semantic con- 076

solidation, in which task-relevant information is 077

gradually condensed from deeper layers, where 078

representations are typically more expressive, into 079

earlier layers. This process is inherently progres- 080

sive: rather than emerging at a single truncation 081

point, core semantic features can be refined and 082

transferred as information flows through the net- 083
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work. Viewing Matryoshka training through this084

lens highlights the benefits of intermediate guid-085

ance that supports a smooth, coarse-to-fine refine-086

ment of representations across depth.087

Motivated by these considerations, we pro-088

pose MIPIC (Matryoshka Representation Learn-089

ing via Self-Distilled Intra-Relational Alignment090

and Progressive Information Chaining), a unified091

training framework that explicitly organizes in-092

formation across both embedding dimensionality093

and model depth, enabling the learning of struc-094

turally coherent and semantically compact Ma-095

tryoshka representations. To encourage cross-096

dimensional structural consistency, MIPIC em-097

ploys Self-Distilled Intra-Relational Alignment098

(SIA). Rather than aligning representations solely099

at the sentence level like prior MRL approaches100

(Kusupati et al., 2022; LI et al., 2025), SIA focuses101

on token-level intra-relations derived from geomet-102

ric similarity and attention-based importance. Us-103

ing Centered Kernel Alignment (CKA) (Kornblith104

et al., 2019) with a hard top-k selection strategy,105

SIA selectively aligns the most salient relational106

patterns between full and truncated representations.107

This targeted self-distillation goes beyond simple108

alignment; it effectively reorganizes the internal109

feature hierarchy, forcing critical semantic struc-110

tures to be prioritized and concentrated within the111

low-dimensional prefix dimensions. Complement-112

ing cross dimensional alignment, MIPIC introduces113

Progressive Information Chaining (PIC) to guide114

the flow of semantic information across the network115

depth. Unlike prior methods that restrict task super-116

vision solely to the final representation, which can117

be unstable when compressing rich knowledge into118

narrow dimensions, PIC builds a scaffolded align-119

ment pipeline in which each step acts as a semantic120

bridge. This design is motivated by empirical find-121

ings that lower Transformer layers predominantly122

encode low level linguistic features such as syntax123

and basic semantics, while higher layers increas-124

ingly capture task specific and discriminative sig-125

nals (Jawahar et al., 2019; Liu et al., 2019). By126

propagating task aware cues from upper layers into127

earlier ones, PIC performs a controlled early inter-128

vention that gently biases the formation of low level129

representations toward task relevant subspaces, en-130

suring that useful discriminative structure is avail-131

able from the beginning of the network processing.132

Importantly, by aligning only the most essential133

components of each layer representation, which134

have been reorganized by SIA to concentrate the 135

most critical task relevant knowledge into a com- 136

pact subspace, PIC allows the remaining dimen- 137

sions to continue modeling low level and general 138

linguistic features. This selective supervision pre- 139

serves the model natural representational flexibility, 140

avoids over regularization, and enables a stable and 141

progressive refinement of task relevant information 142

across depth. Together, SIA and PIC provide a 143

principled training framework for MRL that ex- 144

plicitly organizes semantic information across both 145

dimensionality and depth. 146

Our main contributions are: 147

• We propose MIPIC, a unified framework 148

that addresses structural and semantic inco- 149

herence in MRL by explicitly coordinating 150

cross-dimensional alignment and depth-wise 151

information consolidation. 152

• We introduce two complementary mecha- 153

nisms: Self-Distilled Intra-Relational Align- 154

ment (SIA), which utilizes top-k CKA self dis- 155

tillation to enforce cross-dimensional topolog- 156

ical consistency via self-distillation, and Pro- 157

gressive Information Chaining (PIC), a scaf- 158

folded learning strategy that enables lower- 159

dimensional representations to acquire task- 160

relevant information early in training through 161

progressive semantic guidance across network 162

depth. 163

• We present extensive experiments on STS, 164

NLI, and text classification benchmarks show- 165

ing that MIPIC significantly improves repre- 166

sentation efficiency across diverse backbones, 167

from TinyBERT-6L and BERT-base to large- 168

scale models such as Qwen3 embedding 0.6B 169

and BGE-M3. MIPIC remains competitive at 170

full capacity while consistently outperforming 171

state-of-the-art baselines under severe trunca- 172

tion, particularly in low-dimensional regimes. 173

2 Related Work and Background 174

2.1 Related Works 175

Learning Sentence Embeddings Sentence em- 176

beddings have evolved from static word vectors 177

(Pennington et al., 2014; Mikolov et al., 2013) and 178

contextual models (Peters et al., 2018; Devlin et al., 179

2019), which initially lacked optimized sentence- 180

level semantics. Sentence-BERT (Reimers and 181
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Gurevych, 2019) addressed this via siamese fine-182

tuning, dramatically improving retrieval efficiency.183

Subsequent work introduced contrastive learning184

(Gao et al., 2022; Nishikawa et al., 2022) to en-185

hance robustness, while recent advances leverage186

Large Language Models to further refine repre-187

sentation quality (He et al., 2025; BehnamGhader188

et al., 2024; Tao et al., 2025; Li and Zhou, 2025).189

Matryoshka Representation Learning methods190

While sentence embeddings have advanced signif-191

icantly, their fixed dimensionality remains a com-192

putational bottleneck at scale. Matryoshka Repre-193

sentation Learning (MRL) addresses this by learn-194

ing nested coarse-to-fine prefixes within a single195

embedding, enabling low-dimensional prefixes to196

function as standalone representations with only197

O(log d) supervision points and no additional for-198

ward passes (Kusupati et al., 2022). This design199

enables substantial compression with minimal ac-200

curacy loss and faster inference. Building on MRL,201

Espresso Sentence Embeddings (ESE) further en-202

hance scalability across depth and dimensionality203

through learn to express and learn to compress204

mechanisms (LI et al., 2025). Beyond sentence205

embeddings, the Matryoshka principle has been206

applied to image generation (Gu et al., 2024), mul-207

timodal representation learning (Cai et al., 2024),208

and multimodal LLMs (Hu et al., 2024).209

2.2 Background210

2.2.1 Matryoshka Representation Learning211

Let an encoder fθ map an input sentence x to a212

high-dimensional embedding z = fθ(x) ∈ RD.213

In Matryoshka Representation Learning (Kusupati214

et al., 2022) we fix an ordered set of nested prefix215

dimensions D = {d1, d2, . . . , dn}, 0 < d1 < d2 <216

· · · < dn = D, so that for each di ∈ D the trun-217

cated embedding is the prefix z(di) := z1:di ∈ Rdi .218

Each prefix z(di) is treated as an independent rep-219

resentation used by a (possibly shared) task head220

gϕi
: Rdi → Y and evaluated with a task loss221

L(di)
task (x, y) = ℓ

(
gϕi

(z(di)), y
)

for a target y. The222

Matryoshka training objective jointly supervises all223

prefixes; a common choice is the unweighted sum224

LMRL(θ, {ϕi}) =
n∑

i=1

E(x,y)∼Dtrain

[
L(di)

task (x, y)
]
,

(1)225

or, when desired, a weighted variant226 ∑n
i=1 αi E[L(di)

task ] with αi ≥ 0. By optimiz-227

ing this objective, Matryoshka models learn 228

a single high-dimensional embedding whose 229

low-dimensional prefixes z(d1), . . . , z(dn−1) are 230

immediately usable as standalone embeddings at 231

inference time, avoiding extra forward passes. 232

2.2.2 Measuring Representational Similarity: 233

Centered Kernel Alignment (CKA) 234

Canonical Correlation Analysis (CCA) (Hardoon 235

et al., 2004) has been widely used to compare 236

learned representations by seeking linear projec- 237

tions that maximize correlation between two fea- 238

ture sets. However, CCA can be fragile in practice: 239

it is sensitive to simple transformations of the fea- 240

tures and can be costly to compute for very high- 241

dimensional activations common in deep models 242

(Kornblith et al., 2019). Centered Kernel Align- 243

ment (CKA) (Kornblith et al., 2019) provides a 244

more robust and efficient alternative by shifting the 245

comparison from individual feature coordinates to 246

the pairwise similarity structure induced by each 247

representation. Given two representation matrices 248

X ∈ Rm×S and Y ∈ Rm×T for the same m inputs, 249

CKA builds kernel (Gram) matrices K and L with 250

entries Kij = k(xi, xj) and Lij = l(yi, yj), and 251

measures their dependence via the Hilbert–Schmidt 252

Independence Criterion (HSIC) after centering: 253

HSIC(K,L) =
1

(m− 1)2
tr(KHLH), (2) 254

where H = Im − 1
m11⊤ removes mean effects. 255

CKA then normalizes HSIC to obtain: 256

CKA(X,Y) =
HSIC(K,L)√

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

(3)

257

3 Methodology 258

We introduce MIPIC, a framework designed to 259

synchronize the learning of nested representations 260

with the model’s internal information flow. Our 261

approach operates through two synergistic mecha- 262

nisms: Self-Distilled Intra-Relational Alignment 263

(SIA) reorganizes the internal representation hier- 264

archy to prioritize core structural features within 265

low-dimensional subspaces, and Progressive Infor- 266

mation Chaining (PIC) establishes a scaffolded 267

pipeline to condense task-specific information into 268

these prioritized dimensions across the network’s 269

depth. Together, these components ensure that the 270

resulting embeddings are both structurally consis- 271

tent and semantically rich across all granularities. 272

The overall architecture is shown in Figure 1. 273
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Figure 1: Overview of MIPIC: The framework operates via two mechanisms:Vertical Alignment (PIC) and
Horizontal Alignment (SIA)

3.1 Preliminaries and Notation274

Consider a Transformer-based encoder with L lay-275

ers. Let the input sequence length be m, and the276

model hidden dimension be D. We define a strictly277

increasing sequence of nested feature sizes D =278

{d1 < d2 < · · · < dn = D} and a corresponding279

sequence of layer L = {l1 < l2 < · · · < ln} at280

which both SIA and PIC mechanisms are applied.281

3.2 SIA: Self-Distilled Intra-Relational282

Alignment283

Standard Matryoshka methods enforce nestedness284

by minimizing distances between sentence-level285

vectors, often ignoring token-level information.286

We propose SIA, which frames low-dimensional287

prefix alignment as a reorganization of inter-288

nal information rather than mere distance match-289

ing. Using layer-wise self-distillation, each layer’s290

full-dimensional representation teaches its lower-291

dimensional prefix, transferring only essential292

structural signals. SIA ensures truncated subspaces293

preserve the intra-relational structure of the full rep-294

resentation, emphasizing core information. This is295

achieved via Attention Distribution Matching and296

Top-k Hidden State Alignment with CKA.297

3.2.1 Attention Distribution Matching298

The core intuition of this module is to preserve299

the relative importance ordering of tokens within300

a sequence. We adopt a self-distillation strategy301

where the full-dimensional representation acts as 302

a teacher to guide the lower-dimensional represen- 303

tation. Let hCLS ∈ RD and hj ∈ RD denote the 304

hidden states of the [CLS] token and the j-th con- 305

textual token in the full dimension D. The teacher’s 306

attention scores s(D)
j and the resulting distribution 307

aD serve as the ground truth for alignment: 308

s
(D)
j =

hCLS · hj√
D

, aD = softmax

(
s(D)

τ

)
(4) 309

For dim di, sliced tokens hj [1 : di] are up-projected 310

via a learnable matrix Pi ∈ Rdi×D. We use hCLS as 311

the query anchor since it encodes global sequence 312

semantics, deriving attention scores s(i)j that quan- 313

tify each token’s contribution: 314

s
(i)
j =

hCLS · P⊤
i h

(i)
j√

D
, ai = softmax

(
s(i)

τ

)
(5) 315

The matrix Pi is trained jointly with the backbone 316

to minimize the Kullback-Leibler (KL) divergence 317

between the student and teacher distributions: 318

L(i)
att =

∑
di∈D

KL(ai∥aD) (6) 319

We use the full-dimensional hCLS as a fixed se- 320

mantic reference during training. The similarity be- 321

tween each token and this [CLS] vector serves as an 322
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estimate of the token importance. By aligning these323

similarities across dimensions, we enforce a rank-324

ing consistency constraint: the lower-dimensional325

representation is encouraged to preserve the same326

ordering of important tokens learned by the full-327

dimensional model, so that the most informative328

tokens remain emphasized even after compression.329

3.2.2 Top-k Hidden State Alignment via CKA330

Low-dimensional representations possess limited331

capacity, making it impractical to encode exhaus-332

tive token-level details without introducing noise.333

We argue that forcing a small bottleneck to align334

with the entire sequence leads to information sat-335

uration. Instead, we use a Top-k Selection with336

Centered Kernel Alignment (CKA) strategy to re-337

organize information, focusing exclusively on a338

compact subset of the most informative tokens.339

Hard Top-k Selection For each truncated di-340

mension di, we select the top ki tokens based341

on their importance scores in aD, where ki in-342

creases monotonically with di. This selective strat-343

egy offers dual benefits: it significantly reduces344

the computational overhead of the alignment pro-345

cess and acts as a denoising filter, preventing low-346

capacity prefixes from being saturated by irrele-347

vant or redundant context. This also creates a348

dual Matryoshka structure: low-dimensional cores349

capture a coarse semantic skeleton, while higher-350

dimensional spaces progressively incorporate finer351

details. Crucially, the selected token sets are nested:352

Sk1 ⊂ Sk2 ⊂ · · · ⊂ Skn ⊆ {1, . . . ,m}, where353

Ski denotes the indices of the ki most important354

tokens. This ensures that higher-capacity embed-355

dings refine and enrich the semantic core learned356

by lower-capacity ones, rather than relearning it.357

Representation Consistency via Linear CKA.358

Given these nested token subsets, we require an359

alignment objective that enforces structural con-360

sistency between the resulting student and teacher361

representations, even though they differ in feature362

dimensionality (di versus D). To this end, we adopt363

Centered Kernel Alignment (CKA) with a linear364

kernel, which measures similarity between repre-365

sentation spaces in a dimension-agnostic manner.366

We specifically choose the linear formulation for367

its computational efficiency, which is critical when368

scaling to LLMs. Let us define two kernel matrices:369

pi = hih
⊤
i , Pi = HiH

⊤
i (7)370

We extract the submatrices for the student hi ∈ 371

Rki×di and the teacher Hi ∈ Rki×D using the 372

nested indices defined previously. First, we com- 373

pute the centered feature matrices h̃i and H̃i as: 374

h̃i = hi(Iki−
1

ki
11⊤), H̃i = Hi(Iki−

1

ki
11⊤).

(8) 375

where Iki is the identity matrix and 1 is a vector of 376

ones. For linear kernels, the HSIC can be efficiently 377

computed as (Kornblith et al., 2019): 378

HSIC(pi,Pi) =
∥∥∥cov(h̃⊤

i , H̃
⊤
i )
∥∥∥2
F
, (9) 379

where cov(X,Y) = X⊤Y denotes the covariance 380

function. Moreover, from section 2.2.2, the Linear 381

CKA metric between hi and Hi is defined as: 382

CKA (hi,Hi) =
HSIC(pi,Pi)√

HSIC(pi,pi) ·HSIC(Pi,Pi)
(10) 383

Combining two equations Eq.9 and Eq.10, we ob- 384

tain the formulation of linear CKA between two 385

hidden state matrices: 386

CKA (hi,Hi) =
∥cov(h̃⊤

i ,H̃⊤
i )∥2

F

∥cov(h̃⊤
i ,h̃⊤

i )∥
F
·∥cov(H̃⊤

i ,H̃⊤
i )∥

F

(11) 387

Finally, at each di in the Matryoshka dimen- 388

sions, we define the CKA loss between the lower- 389

dimension full-dimensional hidden state: 390

L(i)
CKA = 1− CKA (hi,Hi) (12) 391

We minimize this loss to ensure that the lower- 392

dimensional bottleneck learns a geometric struc- 393

ture to that of the full-dimensional representation 394

space. By maximizing CKA on these nested sub- 395

sets, we ensure that the geometric relationships and 396

structural organization within the semantic core 397

are preserved robustly across all granularities. We 398

specifically adopt CKA because it provides a robust 399

measure of representational similarity that is in- 400

variant to orthogonal transformations and isotropic 401

scaling (Kornblith et al., 2019). This invariance 402

properties of CKA is particularly critical in our 403

framework, as we must simultaneously align multi- 404

ple nested dimensions of varying capacities. 405

3.2.3 Final SIA loss 406

We define the composite SIA loss at layer k by 407

integrating both attention-based importance and 408
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CKA loss consistency across the entire Matryoshka409

dimensions D = {d1 < d2 < · · · < dn = D}:410

L(k)
SIA =

n∑
i=1

(L(i)
att + L(i)

CKA) (13)411

The total SIA loss is then computed by summing412

these local alignment constraints over the network’s413

depth, specifically across the target layers L:414

LSIA =
∑
k∈L

L(k)
SIA (14)415

3.3 PIC: Progressive Information Chaining416

Building upon the priority-based structure induced417

by SIA, which reorganizes internal representations418

to emphasize prefix dimensions, we introduce PIC419

to guide the flow of semantic information across420

network depth. While many existing MRL ap-421

proaches apply task supervision primarily at the fi-422

nal representation, such a design places the burden423

of semantic compression at a single endpoint. PIC424

instead adopts a scaffolded alignment pipeline425

that provides intermediate guidance throughout the426

network. Motivated by the progressive specializa-427

tion of Transformer layers, PIC propagates task-428

relevant cues from deeper layers to earlier ones,429

enabling lower-dimensional representations to ac-430

quire essential task semantics at early stages of431

learning. Supervision is restricted to the compact432

subspace reorganized by SIA, concentrating align-433

ment on the most informative dimensions while434

preserving low-level features and representational435

flexibility in the remaining space.436

Formal Objective. Let the scaffolding structure437

be defined by a sequence of n checkpoints C =438

{(li, di)}ni=1, ordered by depth and capacity such439

that l1 < l2 < · · · < ln and d1 < d2 < · · · <440

dn. Here, li denotes the layer index and di the441

embedding dimension. We denote the truncated442

[CLS] representation at checkpoint i as zi ∈ Rdi .443

Our aim is to promote a progressive condensa-444

tion of task-relevant information, such that each445

checkpoint learns to supply the essential signals446

required by the next, allowing early, low-capacity447

representations to serve as reliable building blocks448

for deeper ones. Intuitively, this can be framed as449

encouraging high mutual information (MI) between450

adjacent checkpoints: maximizing I(zi; zi+1) re-451

quires that the earlier representation zi retain the452

core features needed to predict the next represen-453

tation zi+1. In the context of Matryoshka learning454

this enforces a progressive condensation of task- 455

relevant signals rather than a single long semantic 456

jump from early checkpoints to the final output. 457

Since calculating exact MI is computationally im- 458

possible, we use InfoNCE as an approximation: 459

I(zi; zi+1) ≥ logN − LInfoNCE (15) 460

where N is the batch size. To bridge the dimen- 461

sionality mismatch (di ̸= di+1), we employ a 462

lightweight nonlinear projector ϕi : Rdi → Rdi+1 463

to map the lower-dimensional upstream represen- 464

tation into the semantic space of the downstream 465

target. The local alignment loss for each step is: 466

L(i)
chain = −E

[
log exp(sim(ϕi(zi),zi+1)/τ)∑

z′∈Bi+1
exp(sim(ϕi(zi),z′)/τ)

]
(16) 467

where Bi+1 contains the positive pair zi+1 and 468

N−1 negative samples from the batch, and τ is the 469

temperature scaling parameter. The total Progres- 470

sive Information Chaining loss accumulates these 471

local alignment signals: 472

LPIC =
n−1∑
i=1

L(i)
chain (17) 473

This chain-based alignment fundamentally differs 474

from direct supervision by focusing on essential 475

information transfer. By aligning only the most 476

salient parts of adjacent layers via Mutual Informa- 477

tion, PIC excessive information loss while avoiding 478

the rigidity of element-wise matching. It ensures 479

that the early layers act as a flexible foundation, 480

organizing task-relevant features in a way that sup- 481

ports, rather than strictly replicates, the subsequent 482

refinement stages. This maintains the natural di- 483

versity of features across depth, leading to a more 484

robust final representation. 485

3.4 Overall Training Objective 486

The full objective of MIPIC integrates our proposed 487

self-distillation mechanisms with the standard Ma- 488

tryoshka formulation. The total loss is: 489

LMIPIC = αLMRL + (1− α)[LSIA + LPIC] .
(18) 490

Here, LMRL denotes the Matryoshka task-specific 491

loss (like in Equation 1). One hyperparameter is 492

used: α ∈ [0, 1] trades off the MRL and MIPIC. 493
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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.

4 Experiments494

4.1 Experimental Setup495

We evaluate embeddings across in-domain and out-496

of-domain settings to assess both task performance497

and generalization.498

Task categories. We report results across three499

representative task families, all of which rely crit-500

ically on embedding quality. First, for Text Clas-501

sification, which requires models to capture the502

overall semantics of a single text input, we evalu-503

ate on TweetEval (Barbieri et al., 2020), as well as504

Emotion and Banking77 from the MTEB bench-505

mark (Muennighoff et al., 2023). Second, regard-506

ing NLI, which focuses on modeling semantic rela-507

tionships between two inputs, we consider MRPC 508

from GLUE (Wang et al., 2018), WiC (Pilehvar 509

and Camacho-Collados, 2019), and SciTail (Khot 510

et al., 2018). Finally, for Semantic Textual Sim- 511

ilarity (STS), which measures the ability to cap- 512

ture fine-grained semantic similarity, we evaluate 513

on STS-B and SICK (Marelli et al., 2014) for in- 514

domain testing, and extend to STS12–16 and SickR 515

(Muennighoff et al., 2023) for OOD evaluation. Ad- 516

ditional details regarding model architectures, train- 517

ing procedures, datasets, and evaluation protocols 518

are provided in Appendix A. 519

Baselines. We compare against SOTA Ma- 520

tryoshka baselines: MRL (Kusupati et al., 2022), 521
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which learns nested prefixes via multi-scale super-522

vision, and ESE (LI et al., 2025), which scales523

across both dimensionality and model depth. These524

provide a strong benchmark for evaluating low-525

dimensional representation quality.526

4.2 Results527

Results for in-domain and out-of-domain bench-528

marks (Table 1 and Table 2) indicate that MIPIC529

achieves competitive or superior performance com-530

pared to baselines, including Unsup SimCSE,531

MRL, and Espresso. While maintaining compara-532

ble efficacy at higher dimensions, the performance533

gap becomes particularly distinct at extremely low534

dimensions (16 and 32), demonstrating the frame-535

work’s superior capability in semantic compression.536

These trends hold consistent across TinyBERT and537

BERT architectures. Furthermore, scalability eval-538

uations on larger backbones such as BGEM3 and539

Qwen3 0.6B (Appendix C) validate the method’s540

robustness, confirming that while MIPIC maintains541

parity with baselines in full-capacity regimes, it542

significantly excels in retaining semantic density543

under extreme truncation.544

5 Analysis545

We analyze the individual contributions of SIA and546

PIC, alongside the effectiveness of our progressive547

dimension scaling strategy to validate MIPIC’s de-548

sign. Further investigations, including layer selec-549

tion impacts, are detailed in Appendix B.550

Impact of Framework Components Table 3551

highlights the synergy between SIA and PIC. SIA is552

vital for structural organization; its removal causes553

sharp drops at small sizes, proving geometric order554

is key for information density. Meanwhile, PIC acts555

as a semantic bridge to stabilize task knowledge556

across layers. While SIA ensures geometric effi-557

ciency, PIC prevents semantic loss in early stages.558

Together, they enable a coarse-to-fine refinement559

that maintains high quality at every dimension.560

Effectiveness of Progressive Dimension Design561

Table 4 shows that progressively increasing dimen-562

sions works better than keeping all layers at full563

size. Using full dimensions everywhere removes564

the bottleneck needed for Matryoshka learning.565

Our design forces early layers to pack the most566

important information into small prefixes, then re-567

fine it later. This leads to more stable and effective568

representations. Without this constraint, the model569

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”.

does not learn to focus on key information early, 570

which hurts performance. 571

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.

6 Conclusion 572

We proposed MIPIC, a framework that coordinates 573

Matryoshka Representation Learning across both 574

embedding dimensions and network depth. By 575

combining Self-Distilled Intra-Relational Align- 576

ment (SIA) for structural consistency and Progres- 577

sive Information Chaining (PIC) for semantic con- 578

solidation, MIPIC establishes a global chaining 579

of task signals. Extensive experiments on mod- 580

els ranging from TinyBERT to Qwen3 and BGE- 581

M3 show that MIPIC remains robustly competitive 582

with state-of-the-art baselines at full capacity, while 583

achieving superior efficacy in extreme 16 and 32- 584

dimensional compression. 585
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7 Limitations586

Despite its effectiveness, MIPIC introduces certain587

limitations, primarily the increased computational588

overhead during the training phase due to the calcu-589

lation of auxiliary CKA and InfoNCE losses across590

multiple layers. The framework’s performance also591

relies on the careful tuning of hyperparameters and592

the strategic selection of layer checkpoints, which593

may require additional optimization when adapt-594

ing to backbone architectures with different depths.595

Furthermore, while we validated MIPIC on a wide596

array of discriminative NLP tasks using encoder-597

based models, its utility in decoder-only generative598

scenarios or multi-modal settings has not yet been599

explored. Lastly, our current progressive dimension600

scaling design represents a specific configuration601

for depth-wise transfer, and alternative scheduling602

methods for information condensation could poten-603

tially yield different results.604
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A Experimental Details 747

A.1 Model Architectures 748

To evaluate the scalability and generalizability of the MIPIC framework, we conduct experiments across 749

a diverse range of backbone architectures varying in size and complexity. These include the compact 750

TinyBERT-6L with 6 Transformer layers, the standard 12-layer BERT-base encoder, and modern large- 751

scale models such as the Qwen3-0.6B embedding and the high-performance BGE-M3. By spanning from 752

small-scale encoders to large-scale language model embeddings, we demonstrate that MIPIC consistently 753

optimizes the internal organization of semantic information regardless of the model’s depth or total 754

parameter count. 755

A.2 Detailed Dataset Statistics 756

Table 5: 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

We use a diverse collection of datasets for both training and evaluation, covering text classification, 757

natural language inference (NLI), and semantic textual similarity (STS). To build training data for 758

contrastive sentence representation learning, we sample sentences from multiple task categories to 759

promote domain and objective diversity. Specifically, we collect 6,000 sentences from classification 760

datasets (3,000 per dataset), 3,000 sentence pairs from STS datasets (1,500 per dataset), and 3,000 sentence 761

pairs from pair classification datasets (1,500 per dataset). All sentence pairs are flattened into individual 762

sentences, resulting in 24,000 unique sentences, which are then used to train the backbone encoder with 763

unsupervised SimCSE-style contrastive learning under a unified training framework. For evaluation, we 764

test the trained models on both in-domain test sets and unseen out-of-domain datasets, including Emotion, 765

SciTail, and multiple STS benchmarks (STS12–STS16 and SickR), which differ from the training data in 766

domain, style, and annotation protocol. Dataset statistics are reported in Table 5, and all baseline methods 767

(MRL, ESE) are trained on the same training corpus and evaluated on the same set of test datasets for fair 768

comparison 769

A.3 Training Configurations 770

The detailed training configurations for the MIPIC framework across our various backbones are sum- 771

marized in Table 6. We maintain a consistent setup to ensure a fair comparison across different scales, 772

applying specific hyperparameters like α to trade off MRL and MIPIC losses. We explored the loss 773

balancing hyperparameter α over the set {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}. The optimal configurations for 774

each backbone are also reported in Table 6. 775
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Table 6: 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

Task Objective Specification. In our experimental setting, the task-specific loss component within776

the MRL objective (Eq. 1) is instantiated as LSimCSE, the unsupervised contrastive loss adopted from777

(Gao et al., 2022) . Given a batch of input sentences, we feed them through the student encoder twice778

with different standard dropout masks z, z′ to obtain two views of embeddings ezi and ez
′

i . The loss is779

formulated as:780

LSimCSE = − 1

N

N∑
i=1

log
esim(ezi ,e

z′
i )/τ∑N

j=1 e
sim(ezi ,e

z′
j )/τ

, (19)781

where N is the batch size, τ is the temperature hyperparameter, and sim(·) denotes cosine similarity.782

A.4 Evaluation783

To assess the efficacy of the learned sentence embeddings, we conduct evaluations across three distinct784

categories of downstream tasks. First, for classification tasks, we follow the standard protocol established785

by (Conneau and Kiela, 2018), which involves training a Logistic Regression classifier on top of frozen786

sentence representations. Second, in pair classification, we generate predictions by applying an optimal787

threshold to the cosine similarity of the sentence pairs, measuring performance via Accuracy. Finally, for788

Semantic Textual Similarity (STS), we evaluate the alignment between the embeddings’ cosine similarity789

and human-annotated gold standards using Spearman correlation. In our method, all models are fully790

fine-tuned using the unified objective Ltotal. We evaluate the quality of Matryoshka representations across791

a fixed set of nested dimensions D = {16, 32, 64, 128, 256, 512, 768/1024}. For Text Classification, we792

report F1 Score. For NLI tasks, we report Accuracy. For Semantic Textual Similarity (STS) benchmarks,793

we report the Spearman Correlation Coefficient.794

A.5 SIA and PIC hyperparameters795

Top-k Schedule Specification. To ensure reproducibility and robustness, we implement a deterministic796

linear schedule for the token selection threshold ki. For our standard backbone configurations with a797

representation hierarchy D = {16, 32, 64, 128, 256, 512, 768}, we align the first 6 lower-dimensional798

prefixes against the full-dimensional teacher. We set ki = max(8, ⌈γi ·m⌉), where m is the sequence799

length. The ratio γi increases monotonically with the dimension size: specifically, we utilize γ =800

[0.2, 0.3, 0.4, 0.5, 0.6, 0.7] corresponding to the dimensions [16, 32, 64, 128, 256, 512]. This schedule801

ensures that the most compressed representations (d = 16) focus on the top 20% salient tokens, while802

larger prefixes progressively incorporate up to 70% of the context, with a minimum floor of kmin = 8803

tokens to preserve basic sentence structure in short inputs.804

Layers and checkpoints applied in MIPIC In our framework, let L denote the set of layers applied805

in MIPIC, and C represent the set of checkpoints applied in PIC, defined as tuples (d, l) where d806

indicates the target dimension and l corresponds to the layer index. The specific configurations of807

L and C are adapted to the architecture and depth of each model. For TinyBERT-6L, we utilize all808

layers, setting L = {1, 2, 3, 4, 5, 6} with checkpoints C = {(16, 1), (32, 2), (64, 3), (256, 4), (512, 5),809
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(768, 6)}. For BERT-base, we select distributed layers L = {2, 4, 6, 8, 9, 10, 12}, associated with C = 810

{(16, 2), (32, 4), (64, 6), (128, 8), (256, 9), (512, 10), (768, 12)}. For the larger BGE-M3 model, we 811

employ L = {1, 4, 7, 11, 15, 19, 24} and checkpoints C = {(16, 1), (32, 4), (64, 7), (128, 11), (256, 15), 812

(512, 19), (1024, 24)}. Finally, for Qwen3, the configuration is set to L = {2, 6, 12, 16, 20, 24, 28} with 813

C = {(16, 2), (32, 6), (64, 12), (128, 16), (256, 20), (512, 24), (1024, 28)}. A detailed ablation study on 814

the impact of layer selection is provided in Section B.1. 815

B Additional ablation study 816

B.1 Impact of Layer Selection Strategy 817

Datasets Rep. size L1 (Distributed) L2 (Deep) L3 (Shallow)

Banking77

16 75.38 73.87 71.53
32 86.48 84.83 82.06
64 90.74 90.76 89.54
128 92.94 92.74 92.99
256 92.89 92.35 92.06
512 92.98 93.41 92.28

1024 92.81 93.02 92.87

STS12

16 62.96 61.70 61.46
32 65.71 64.39 64.16
64 66.61 65.52 64.30
128 68.28 68.09 67.41
256 70.93 70.05 69.53
512 70.85 70.31 69.49

1024 70.31 70.28 69.73

Table 7: Ablation study on layer selection for MIPIC using the BGE-M3 backbone.

The results in Table 7 demonstrate that distributing MIPIC across the entire network depth (L1 = 818

[1, 4, 7, 11, 15, 19, 24]) is superior to focusing solely on deep (L2 = [18, 19, 20, 21, 22, 23, 24]) or shallow 819

(L3 = [1, 2, 3, 4, 5, 6, 7]) layers. While deep layers contain the richest task semantics, restricting MIPIC 820

to the tail end of the backbone (L2) fails to provide early guidance for low-dimensional prefixes, leading 821

to suboptimal alignment in the initial stages. Conversely, focusing only on the early stages (L3) lacks 822

the high-level semantic signals necessary to construct a robust "semantic bridge" to the final task. By 823

selecting checkpoints that span from the earliest to the final layers, L1 maintains a continuous and stable 824

flow of task information. This global chaining ensures that even the most compressed representations 825

are grounded in deep semantic knowledge through a step-by-step refinement process throughout the 826

backbone. 827

B.2 Impact of Hard Top-k Token Selection 828

To investigate the necessity of our selective alignment strategy, we compare the standard MIPIC framework 829

(employing Hard Top-k selection) against a variant where the student aligns using the full set of tokens 830

(“Full Token Alignment”) regardless of the dimension size. This ablation was conducted on the BGE-M3 831

backbone using Banking77 and STS12 benchmarks, as detailed in Table 8. The results clearly demonstrate 832

the critical advantage of the Hard Top-k selection strategy, particularly in highly compressed regimes. At 833

lower dimensions (16, 32, and 64), MIPIC significantly outperforms the full-token alignment baseline. 834

This confirms our intuition that low-capacity representations suffer from information saturation when 835

forced to encode the entire sequence topology. By filtering for only the most salient tokens, the Top-k 836

strategy effectively reduces noise, allowing the limited dimension space to concentrate exclusively on the 837

semantic skeleton of the input. Conversely, at the full capacity (1024 dimensions), the Full Token approach 838

yields marginally higher performance. This is expected, as the high-dimensional space possesses sufficient 839

bandwidth to encode the complete token granularity without saturation. However, MIPIC remains robustly 840

competitive even at this scale, while establishing a decisive superiority where Matryoshka learning matters 841

most: in the extreme compression scenarios. 842
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Datasets Rep. Size MIPIC (Top-k CKA) Full Token Alignment

Banking77

16 75.38 72.45
32 86.48 83.42
64 90.74 88.11

128 92.94 90.56
256 92.89 92.34
512 92.98 92.95

1024 92.81 92.98

STS12

16 62.96 60.67
32 65.71 63.23
64 66.61 64.63

128 68.28 67.98
256 70.93 70.78
512 70.85 70.56

1024 70.31 70.62

Table 8: Ablation study on the Hard Top-k selection strategy using the BGE-M3 backbone. We compare our
adaptive Top-k approach against aligning the full token sequence at every dimension.

B.3 Impact of Components in SIA843

To validate the individual contributions of the internal mechanisms within the Self-Distilled Intra-844

Relational Alignment (SIA) module, we conducted an ablation study on the BERT-base backbone845

using the STS12 and TweetEval benchmarks. The results are presented in Table 9. As observed, re-846

moving either Attention Matching or Top-k CKA leads to a degradation in performance, particularly in847

low-dimensional regimes (16 and 32), confirming that both components are essential for maintaining848

representation quality. However, the omission of Top-k CKA results in a significantly sharper performance849

drop compared to removing Attention Matching. This disparity highlights the fundamental role of Top-k850

CKA: while Attention Matching ensures that the student focuses on the same salient tokens as the teacher,851

it is the Top-k CKA mechanism that explicitly reorganizes the geometric structure of the information.852

By enforcing topological consistency between the teacher’s full state and the student’s truncated prefix,853

Top-k CKA effectively compresses the rich semantic landscape into the bottleneck. Without this structural854

reorganization, the lower-dimensional representation struggles to encapsulate the necessary information855

density, leading to the observed decline in effectiveness.856

Datasets Dim. MIPIC w/o Attn. Match w/o Top-k CKA

STS12

16 62.08 61.54 60.11
32 64.87 64.14 63.67
64 65.88 65.98 64.78

128 66.32 65.94 65.11
256 67.08 66.91 66.57
512 67.55 67.21 67.11
768 67.64 67.61 67.53

TweetEval

16 60.38 60.12 59.42
32 62.30 61.23 60.96
64 65.64 65.44 64.58

128 68.24 67.55 67.11
256 70.45 70.02 69.87
512 71.58 71.23 70.34
768 71.26 71.24 70.97

Table 9: Ablation study on SIA components using BERT-base backbone. We compare the full MIPIC framework
against variants removing Attention Matching (“w/o Attn. Match”) and Top-k CKA alignment (“w/o Top-k CKA”).

B.4 Training time analysis857

We explicitly analyze the computational cost of our framework compared to the MRL and ESE baselines858

using the BERT-base backbone. The training throughput (measured in iterations per second and samples859

per second) is reported in Table 10.860

As indicated in Table 10, MIPIC exhibits a lower training throughput compared to baselines. Specifically,861

our method operates at approximately 2.88 iterations/s, representing a reduction of roughly 45% compared862
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Method Iterations / s Throughput (sample/s)

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

Table 10: Training efficiency comparison on the BERT-base backbone. MIPIC incurs higher training latency due to
the computation of auxiliary alignment losses (SIA and PIC).

to ESE (5.24 it/s) and 62% compared to the standard MRL (7.61 it/s). This increased overhead is expected, 863

as MIPIC requires additional forward passes and gradient computations for the multi-layer alignment 864

objectives (SIA and PIC) involving CKA and InfoNCE calculations. However, it is crucial to distinguish 865

between training cost and inference latency. The computational overhead shown above is strictly a 866

one-time training investment. Structurally, MIPIC does not introduce any additional parameters or 867

modules to the backbone encoder during inference. All auxiliary projectors (e.g., Pi in SIA, ϕi in PIC) 868

are discarded after training. Consequently, a deployed MIPIC model possesses zero additional inference 869

latency compared to a standard backbone model. Given that representation models are typically trained 870

once but queried millions of times, we argue that the increased training time is a justifiable trade-off 871

for the significant gains in representation quality and compression efficiency demonstrated in our main 872

experiments. 873

C Additional Results for larger model 874

Table 11: 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

The expansion of our experiments to high-capacity models, specifically Qwen3-0.6B embedding and 875

BGE-M3, confirms the scalability and robustness of the MIPIC framework. The results demonstrate 876

that the synergy between Self-Distilled Intra-Relational Alignment (SIA) and Progressive Information 877

Chaining (PIC) remains highly effective as model parameters and depth increase, transitioning successfully 878

from standard encoders to large-scale architectures. Extensive evaluations across nearly all benchmarks 879

indicate that MIPIC consistently outperforms established baselines such as MRL and ESE. This persistent 880

superiority suggests that our global chaining strategy effectively captures and organizes the complex 881

semantic structures inherent in larger models, ensuring that task-specific signals are preserved throughout 882

the network’s internal representation hierarchy regardless of the model size. Key observations from 883
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Table 12: 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

the large-scale evaluation highlight the remarkable resilience of MIPIC under extreme dimensional884

compression and its enhanced generalization capabilities. The performance gap between MIPIC and885

other methods is most pronounced at extremely low dimensions, such as 16 and 32, where it effectively886

condenses vast knowledge into compact prefixes while maintaining high task awareness. Furthermore, on887

out-of-domain (OOD) datasets like STS12–16 and SciTail, MIPIC maintains a consistent accuracy lead888

over current state-of-the-art baselines. This confirms that the depth-wise semantic consolidation provided889

by PIC allows large backbones to retain a stable semantic bridge, ensuring that even the most compressed890

representations remain grounded in robust, generalized knowledge across diverse tasks and domains.891
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