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Abstract001

Deploying text embedding models under002
resource constraints is hindered by massive003
parameters and standard self-attention’s004
quadratic complexity. However, existing005
sequence reduction strategies remain predom-006
inantly static. To address this, inspired by007
Matryoshka Representation Learning (MRL),008
we propose an Elastic Token Compression009
(ETC) framework that enables flexible010
sequence scaling for inference-time scalability.011
Furthermore, to stabilize training, we introduce012
Compression-Adaptive Progressive Distillation013
(CAPD) utilizing multi-teacher fusion and014
dynamic sampling to construct a robust,015
compression-tolerant semantic space. We016
present Jasper-Token-Compression-600M,017
which allows on-the-fly adjustment of encoding018
latency based on resources while maintain-019
ing highly competitive performance and020
demonstrating superior representation capacity021
across varying compression bounds. Our core022
framework remains anonymously accessible023
at https://anonymous.4open.science/r/024
Jasper-Token-Compression-Training-0DDF.025

1 Introduction026

While text embedding models have profoundly ad-027

vanced downstream tasks such as information re-028

trieval and document clustering (Muennighoff et al.,029

2022), deploying them in resource-constrained sce-030

narios remains highly challenging (Google Re-031

search, 2024). Specifically, achieving lightweight032

yet high-performance representations faces two033

formidable bottlenecks: the memory bottleneck034

caused by massive parameter scales (Nie et al.,035

2024), and the computational bottleneck stemming036

from the inherent quadratic complexity of self-037

attention (Vaswani et al., 2017). These limitations038

result in prohibitive memory overhead and signif-039

icant inference latency, particularly as input se-040

quences scale in length (Vaswani et al., 2017).041

Elastic Token Compression

𝑳𝒕𝒈𝒕 ← 𝑳𝒕𝒉 + (𝑳𝒊𝒏− 𝑳𝒕𝒉)× 𝝆

Embedding Layer

…
Input Token Length: 𝐿𝑖𝑛 = 1030

…
𝝆 = 𝟎.𝟏, 𝑳𝒕𝒈𝒕 = 𝟏𝟕𝟓

𝝆 = 𝟎.𝟐, 𝑳𝒕𝒈𝒕 = 𝟐𝟕𝟎

𝝆 = 𝟎.𝟑𝟑, 𝑳𝒕𝒈𝒕 = 𝟑𝟗𝟒

𝝆 = 𝟎.𝟓, 𝑳𝒕𝒈𝒕 = 𝟓𝟓𝟓

Attention

Figure 1: Illustration of the Elastic Token Compression.
Positioned between the embedding and attention layers,
this module utilizes a target compression ratio ρ and
a length threshold (default Lth = 80) to transform a
single input into multi-scale elastic target sequences.

To mitigate the aforementioned bottlenecks, to- 042

ken compression techniques such as merging and 043

pruning have been widely explored (Bolya et al., 044

2023; EECS Department, UC Berkeley, 2023). 045

However, even amidst recent advancements in ef- 046

ficient sequence modeling (Gu and Dao, 2023; 047

Dao et al., 2022), sequence reduction strategies 048

remain predominantly static. Furthermore, while 049

Matryoshka Representation Learning (MRL) en- 050

ables elasticity in the representation dimension for 051

storage efficiency (Kusupati et al., 2022), the high 052

computational costs during inference remain un- 053

addressed. Therefore, there is an urgent need for 054

embedding models with inference elasticity to bal- 055

ance task performance and computational overhead 056

under varying resource constraints. 057

Given that the computational bottleneck of 058

self-attention is fundamentally tied to sequence 059

length (Vaswani et al., 2017), introducing elastic- 060
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ity along the sequence dimension presents a nat-061

ural and highly effective solution. To this end,062

inspired by MRL, we propose Jasper-Flash, a063

resource-efficient embedding framework designed064

to achieve inference-time elasticity, based on an065

Elastic Token Compression (ETC) module and a066

Compression-Adaptive Progressive Distillation067

(CAPD) paradigm. Specifically, as illustrated in068

Figure 1, the ETC module utilizes length thresholds069

and compression ratio sampling to flexibly scale070

input sequences to target lengths. Furthermore, be-071

cause sequence compression is inherently a lossy072

truncation that poses significant optimization chal-073

lenges and risks representation degradation (Wang074

et al., 2022), we introduce the CAPD paradigm to075

stabilize the learning process. By coupling multi-076

teacher fusion with a four-stage progressive cur-077

riculum, CAPD establishes a robust semantic foun-078

dation that successfully adapts to varying compres-079

sion constraints (Formont et al., 2025).080

Building upon our framework, we introduce the081

bilingual text embedding model, Jasper-TC-600M.082

Experiments demonstrate its exceptional inference083

elasticity: it accelerates 1024-token encoding by084

over 5x (down to 4.48 ms) while fully preserv-085

ing semantic robustness. Crucially, even under086

severe compression, Jasper-TC-600M maintains087

highly competitive performance. Compared to its088

0.6B initialization baseline, our approach yields a089

substantial performance leap—boosting the mean090

MTEB score from 70.47 to 74.75—delivering a091

robust semantic space that remains resilient across092

varying compression bounds.093

In summary, our contributions are as follows:094

• Elastic Token Compression (ETC): We pro-095

pose a lightweight architecture that achieves096

inference-time elasticity. It enables on-the-097

fly sequence scaling under varying compu-098

tational budgets, thereby flexibly optimizing099

inference overhead.100

• Compression-Adaptive Progressive Distil-101

lation (CAPD): We introduce a training102

paradigm synergizing multi-teacher fusion103

with dynamic sampling to construct a robust,104

compression-adaptive semantic space.105

• Jasper-Token-Compression-600M: We train106

and present an inference-scalable text embed-107

ding model that exhibits unprecedented infer-108

ence elasticity.109

2 Compression-Adaptive Progressive 110

Distillation 111

2.1 Overall Methodology 112

Combining knowledge distillation with token com- 113

pression is a highly promising approach for effi- 114

cient text embedding models. However, this in- 115

troduces a critical challenge: smoothly integrating 116

token compression during distillation to balance the 117

student model’s representational capacity and com- 118

pression adaptability. Since token compression is 119

inherently a lossy truncation of features, forcing a 120

model to simultaneously learn semantic alignment 121

and sequence compression before establishing a 122

robust feature foundation often leads to training 123

instability and sub-optimal convergence. 124

The core design of our CAPD framework is the 125

decoupling of learning objectives. Specifically, we 126

first train the student model to align with the teach- 127

ers’ representational space under full-context condi- 128

tions, and subsequently introduce flexible sequence 129

compression to establish a robust adaptation foun- 130

dation. Finally, following the standard representa- 131

tion learning paradigm, we perform fine-grained 132

task adaptation to elicit specialized downstream 133

performance. 134

2.2 Heterogeneous Multi-Teacher Distillation 135

In the first stage of CAPD, we aim to construct a 136

comprehensive semantic foundation resilient to the 137

information loss of token compression. Because 138

sequence reduction is inherently lossy, any capa- 139

bility biases inherited from a single-teacher model 140

risk disproportionate performance degradation on 141

weaker tasks (Hooker et al., 2019). Consequently, 142

relying solely on a single teacher leaves the student 143

highly vulnerable to these compression-induced 144

bottlenecks. 145

Mathematically, given independently ℓ2- 146

normalized sub-vectors ui and vi from n teacher 147

models, their globally normalized concatenated rep- 148

resentations, defined as U = Norm(u1 ∥ · · · ∥ un) 149

and V = Norm(v1 ∥ · · · ∥ vn), strictly satisfy: 150

U · V =
1

n

n∑
i=1

(ui · vi) (1) 151

where Norm(·) denotes the ℓ2 normalization, and 152

∥ represents concatenation along the feature dimen- 153

sion. The proof is provided in the Appendix A. 154

Leveraging this capability-averaging property 155

and extending the dual-teacher fusion pipeline, we 156
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Figure 2: Model architecture evolution. (a) Qwen3-Embedding-0.6B, the original base model. (b) Student Model
(Stage 1), adapted for unified teacher distillation by replacing last-token pooling with mean pooling and introducing
a linear projection layer. (c) Final Student Model (Jasper-Token-Compression-600M), equipped with the elastic
token compression module for flexibly sequence reduction.

introduce a heterogeneous multi-teacher distilla-157

tion paradigm. Fusing complementary teachers158

neutralizes individual biases, yielding a balanced159

semantic space that serves as a robust prerequisite160

for subsequent sequence scaling. Assuming the161

output vector of the i-th teacher model is Eti , the162

target teacher representation Et is formulated as:163

Et = Norm
(
Norm(Et1) ∥ · · · ∥ Norm(Etn)

)
164

To maintain computational efficiency while165

achieving a balanced semantic space, we specif-166

ically select two highly complementary SOTA167

models from the MTEB leaderboard: Qwen3-168

Embedding-8B (Zhang et al., 2025), which excels169

in asymmetric retrieval tasks (69.44), and QZhou-170

Embedding (7B) (Yu et al., 2025), which dominates171

in STS tasks (91.65). To prevent direct concatena-172

tion from yielding an excessively high-dimensional173

target vector, we apply customized dimensionality174

reduction. Leveraging its native Matryoshka Repre-175

sentation Learning (MRL), we directly extract the176

first 1024 dimensions of Qwen3, denoted as Eqwen.177

For QZhou, we compress its first 3072 dimensions178

into a 1024-dimensional vector via block-wise sum-179

mation, denoted as Eqzhou. As proven in Appendix180

B, this operation unbiasedly preserves the semantic181

topology. Ultimately, the dual-teacher fusion vec-182

tor used to guide the student model is formulated183

as:184

Et = Norm
(
Norm(Eqwen) ∥ Norm(Eqzhou)

)
185

For the student model, we adopt Qwen3- 186

Embedding-0.6B (Figure 2(a)) as the initialization 187

backbone, which produces a 1024-dimensional out- 188

put. To fully align the student representations with 189

the 2048-dimensional fused teacher features, as 190

shown in Figure 2(b), we replace the default last- 191

token pooling with mean pooling and introduce a 192

randomly initialized linear projection layer to up- 193

sample the features to 2048 dimensions. Following 194

ℓ2 normalization to obtain the student vector Es, 195

the learning objective is defined as minimizing the 196

cosine similarity loss between Es and Et: 197

Lcosine = 1− Es · Et (2) 198

2.3 Elastic Token Compression 199

Our framework introduces a lightweight compres- 200

sion module immediately following the embedding 201

layer, designed to provide inference-time elastic- 202

ity (Figure 2(c)). Specifically, the text sequence 203

first undergoes a feature transformation via a ran- 204

domly initialized SwiGLU network (Shazeer, 2020) 205

(i.e., Qwen3MLP), a non-linear projection that 206

maximizes semantic retention before spatial reduc- 207

tion. The module then leverages 1D adaptive av- 208

erage pooling (AdaptiveAvgPool1d) to determin- 209

istically scale the sequence to a target length Ltgt. 210

Furthermore, we employ a threshold-based scal- 211

ing strategy (Algorithm 1) to prevent the destruc- 212

tive truncation of short queries. Given a length 213

threshold Lth and a target compression ratio ρ, 214

proportional compression is applied exclusively 215
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Algorithm 1 Target Sequence Length Calculation
Input: Input length Lin, length threshold Lth, tar-
get compression ratio ρ
Output: Target sequence length Ltgt

1: if Lin ≤ Lth then
2: Ltgt ← Lin ▷ No compression below the

threshold
3: else
4: Ltgt ← Lth + (Lin − Lth)× ρ
5: end if
6: return Ltgt

to sequences exceeding this threshold (Lin > Lth),216

thereby balancing computational efficiency with217

fine-grained context preservation.218

During the training phase, our objective shifts219

to constructing a continuous and robust elastic rep-220

resentational space. We implement a two-stage221

progressive curriculum to achieve this goal. In the222

initial stage, the model adapts to a fixed baseline223

compression ratio (r = ρ), guided solely by the co-224

sine similarity loss Lcosine. Once this foundational225

alignment is established, the training advances to226

a dynamic generalization stage. Here, the com-227

pression ratio r is no longer static but is dynam-228

ically sampled from predefined intervals within229

each batch (Algorithm 2 ). This stochastic sam-230

pling forces the model to learn resilient feature231

mappings under constantly varying compression232

bounds. To guarantee that the compressed student233

representation faithfully maintains the original rel-234

ative semantic topology of the teacher models, we235

introduce a Pairwise Similarity Loss:236

Lsimilarity = MSE(EsE
⊤
s , EtE

⊤
t ) (3)237

The final joint optimization objective for this238

dynamic stage integrates both constraints using bal-239

ancing weights λ1 and λ2:240

Ls3 = λ1Lcosine + λ2Lsimilarity (4)241

2.4 Regularized Adaptation for Retrieval242

The final stage shifts focus to fine-grained down-243

stream task adaptation, specifically targeting asym-244

metric dense retrieval. Because precise matching245

is highly sensitive to the token-level signal dilution246

inherent in feature pooling, we continue to em-247

ploy the dynamic compression sampling strategy248

during this phase. Exposing the model to varying249

compression ratios within each batch forces the250

Algorithm 2 Compression Ratio Sampling
Input: Baseline compression ratio ρ
Output: Sampled compression ratio r

1: p← Uniform(0, 1)
2: if p < 0.2 then
3: r ← Uniform(0.1, ρ)
4: else if p < 0.6 then
5: r ← ρ
6: else if p < 0.8 then
7: r ← Uniform(ρ, 2ρ)
8: else
9: r ← Uniform(2ρ, 1.0)

10: end if
11: return r

retrieval-oriented representations to remain robust 251

across the entire elastic spectrum. To prevent catas- 252

trophic forgetting of the foundational knowledge 253

while specializing this space, we adopt a regular- 254

ized fine-tuning approach. 255

Alongside the task-specific loss Ltask, we retain 256

the cosine similarity loss Lcosine as a “semantic 257

anchor” to stabilize the elastic structure. Addition- 258

ally, a soft KL divergence loss Lsoft is introduced 259

to align the student’s output distribution with the 260

teachers’ discriminative nuances. The joint opti- 261

mization objective is formulated as: 262

Ls4 = λ1Lcosine + λ3Lsoft + Ltask (5) 263

We focus on task adaption for retrieval via con- 264

trastive learning, instantiate Ltask using the In- 265

foNCE loss (Oord et al., 2018) (Lcl), augmented 266

by in-batch and mined hard negatives. This multi- 267

objective mechanism significantly enhances re- 268

trieval discriminability under flexible sequence 269

scaling while effectively preserving the broad se- 270

mantic knowledge established in previous stages. 271

3 Experiments 272

3.1 Experimental Setup 273

Our training pipeline comprises four progressive 274

stages, as illustrated in Figure 3. During the first 275

three distillation stages, we utilize a 12-million 276

bilingual corpus (strictly balanced 1:1 for English 277

and Chinese), followed by 2.5 million fine-tuning 278

instances in the final stage to elicit specialized re- 279

trieval capabilities. Detailed dataset compositions 280

and comprehensive hyperparameter settings are de- 281

ferred to Appendix C and D. For elastic token com- 282

pression, we empirically set the length threshold 283
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Stage 3

Dynamic Sampling Generalization

Context: Dynamic Elasticity

(𝑳𝒕𝒉 = 𝟖𝟎, 𝝆~𝓤(𝟎. 𝟏, 𝟏. 𝟎))

Scale: 800 steps

𝓛𝒔𝟑 = 𝝀𝟏𝓛𝒄𝒐𝒔𝒊𝒏𝒆+ 𝝀𝟐𝓛𝒔𝒊𝒎𝒊𝒍𝒂𝒓𝒊𝒕𝒚

Stage 2

Fixed Compression Adaptation

Context: Fixed Elasticity

(𝑳𝒕𝒉 = 𝟖𝟎, 𝝆 = 𝟎. 𝟑𝟑)

Scale: 2 epochs

𝓛𝒔𝟐 = 𝝀𝟏𝓛𝒄𝒐𝒔𝒊𝒏𝒆

Stage 1

Multi-Teacher Distillation

Context: Full Sequence

(𝑳𝒕𝒈𝒕 = 𝑳𝒊𝒏)

Scale: 2 epochs

𝓛𝒔𝟏 = 𝝀𝟏𝓛𝒄𝒐𝒔𝒊𝒏𝒆

Stage 4

Retrieval Adaptation

Context: Dynamic Elasticity

(𝑳𝒕𝒉 = 𝟖𝟎, 𝝆~𝓤(𝟎. 𝟏, 𝟏. 𝟎))

Scale: 5000 steps

𝓛𝒔𝟒 = 𝝀𝟏𝓛𝒄𝒐𝒔𝒊𝒏𝒆+ 𝝀𝟑𝓛𝒔𝒐𝒇𝒕+ 𝓛𝒄𝒍

Figure 3: Overview of the Compression-Adaptive Progressive Distillation (CAPD) Training Pipeline. The four-
stage curriculum smoothly transitions from full-sequence distillation to flexible sequence compression, concluding
with retrieval-specific fine-tuning.

Model Params Dim. M.Task M.Type Clas. Clus. Pair. Rank. Retr. STS Sum.

QZhou-Embedding 7B 3584 75.97 69.52 88.97 61.65 92.43 51.77 67.12 91.65 33.05
Qwen3-Embedding-8B 8B 4096 75.23 68.71 90.43 58.57 87.52 51.56 69.44 88.58 34.83
Qwen3-Embedding-4B 4B 2560 74.61 68.10 89.84 57.51 87.01 50.76 68.46 88.72 34.39
Qwen3-Embedding-0.6B 595M 1024 70.47 64.72 84.58 54.05 84.37 48.18 61.83 86.57 33.43

Jasper-TC-600M (ρ = 0.50) 595M 2048 74.75 68.46 90.35 59.44 90.15 50.60 66.19 88.79 33.66
Jasper-TC-600M (ρ = 0.33) 595M 2048 74.71 68.43 90.37 59.33 90.15 50.60 66.17 88.71 33.66
Jasper-TC-600M (ρ = 0.20) 595M 2048 74.58 68.33 90.32 59.22 90.15 50.59 65.77 88.75 33.53
Jasper-TC-600M (ρ = 0.10) 595M 2048 74.22 67.93 90.27 58.80 90.15 50.59 64.76 88.77 32.16

Table 1: Main results on MTEB (English). Abbreviations: Params (Parameters), Dim. (Dimension), Clas. (Classifi-
cation), Clus. (Clustering), Pair. (Pair Classification), Rank. (Reranking), Retr. (Retrieval), Sum. (Summarization).
M.Task and M.Type denote Mean(Task) and Mean(TaskType), respectively. The row highlighted in gray represents
our best-performing configuration (ρ = 0.50). Best scores across all models are bolded.

Lth to 80 and the baseline compression ratio ρbase284

to 0.33. This strategy safeguards short sentence-285

level queries against destructive truncation, while286

ensuring that long documents retain at least one-287

third of their core features to filter redundancy ef-288

fectively. Applying these configurations, we train289

our final model, Jasper-Token-Compression-600M.290

3.2 Main Results291

To evaluate our model, we conduct comprehen-292

sive evaluations on MTEB (English) and C-MTEB293

(Chinese) across varying compression ratios ρ ∈294

{0.5, 0.33, 0.2, 0.1}. We primarily report MTEB295

results here (Table 1); full bilingual results are de-296

tailed in Appendix E.297

Despite its compact 0.6B parameter scale, Jasper-298

TC-600M (ρ = 0.50) exhibits highly competitive299

performance. Compared to the initialized baseline300

model, Qwen3-Embedding-0.6B, our approach sig-301

nificantly boosts the Mean (Task) score on the En-302

glish MTEB from 70.47 to 74.75 (+4.28). Notably,303

this performance even surpasses that of Qwen3-304

Embedding-4B (74.61), a much larger model. This305

remarkable performance leap underscores the ef-306

ficacy of our CAPD framework in constructing a307

high-quality foundational space via multi-teacher308

fusion. More importantly, the proposed ETC mod-309

ule successfully anchors this high performance pro-310

file across the entire elasticity spectrum. 311

Furthermore, our model demonstrates excep- 312

tional inference elasticity. As shown in Table 1, 313

decreasing the compression ratio ρ from 0.50 to 314

an extreme of 0.10 during inference results in only 315

a marginal drop in the Mean (Task) score, from 316

74.75 to 74.22. These results further confirm that 317

the model can provide highly reliable, elastic text 318

representations tailored to varying computational 319

budgets and latency constraints. 320

3.3 Inference Performance & Efficiency 321

To quantify the efficiency gains of ETC, we sys- 322

tematically evaluated the encoding latency across 323

various input lengths on RTX 4090 GPUs (Table 2). 324

Experiments demonstrate that the ETC mechanism 325

significantly optimizes inference efficiency for ex- 326

tended sequences: at input lengths of 1024 and 327

2048 tokens, model latency is drastically reduced 328

from the baseline’s 24.24 ms and 49.99 ms to a min- 329

imum of 4.48 ms and 6.95 ms, respectively. This 330

remarkable acceleration is attributed to our ETC 331

module being constructed entirely on dense matrix 332

multiplications, a design that maximizes hardware 333

parallelization and minimizes memory access la- 334

tency, ensuring highly efficient deployment across 335

various resource-constrained scenarios. 336
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Model Performance Encoding Latency (ms) vs. Input Length

Mean (Task) 128 256 512 1024 2048

Qwen3-Embedding-0.6B 70.47 3.22 6.47 12.20 24.24 49.99

Jasper-TC-600M (ρ = 0.50) 74.75 2.62 3.96 7.39 13.11 25.07
Jasper-TC-600M (ρ = 0.33) 74.71 2.52 3.52 5.41 9.38 17.52
Jasper-TC-600M (ρ = 0.20) 74.58 2.38 2.91 4.00 6.56 11.48
Jasper-TC-600M (ρ = 0.10) 74.22 2.09 2.56 3.18 4.48 6.95

Table 2: MTEB Mean(Task) performance and encoding latency across various compression ratios ρ. The results
illustrate that Jasper-Token-Compression-600M maintains high performance while significantly reducing latency,
especially for long sequences.

Model / Variant Dim. Clas. Clus. Pair. Rank. Retr. STS Sum. M.Task M.Type

Ablation on Heterogeneous Multi-Teacher Distillation (MTEB-Subset)

Single Teacher (Qwen) 2048 90.12 53.03 84.17 40.50 57.87 84.70 32.74 68.91 63.30
Jasper-TC-600M (Stage 1) 2048 90.35 55.80 86.20 40.04 58.56 86.15 32.80 70.11 64.28

Ablation on Token Compression Module (MTEB-Subset)

Hard Truncation 2048 76.53 41.66 74.31 26.40 22.54 78.57 11.45 51.62 47.35
Token Pruning 2048 80.19 43.98 74.83 26.59 29.78 78.53 29.39 55.38 51.90
Token Merging 2048 80.23 43.71 75.06 27.18 26.84 78.40 28.51 54.55 51.42
Learnable Conv1D 2048 72.70 40.36 71.74 22.80 10.21 76.11 18.32 46.90 44.60
Jasper-TC-600M (Stage 1-2) 2048 89.94 51.39 83.97 37.58 49.58 85.03 29.27 66.28 61.01

Ablation of Retrieval Adaption (Full MTEB)

w/o Retrieval Adaption 2048 90.49 59.71 90.08 50.84 65.53 88.73 33.28 74.65 68.38
Jasper-TC-600M (Stage 1-4) 2048 90.35 59.44 90.15 50.60 66.19 88.79 33.66 74.75 68.46

Table 3: Comprehensive ablation study on the MTEB benchmark. We independently ablate the dual-teacher
distillation strategy, the token compression architecture (evaluated at ρ = 0.33), and the progressive training
pipeline. The Jasper-TC-600M (Stage1-4) denotes our final model equipped with heterogeneous dual-teachers, the
MLP+AvgPool elastic module, and the complete 4-stage pipeline.

4 Ablation Study & Analysis337

To manage computational costs, Sections 4.1-4.4338

employ a scaled-down setting (1 epoch) on a339

streamlined MTEB subset (23 tasks), which ef-340

ficiently reveals consistent relative performance341

trends. Conversely, Section 4.5 utilizes the full342

training configuration on the complete benchmark343

to ensure direct comparability with main results.344

4.1 Ablation on Heterogeneous Multi-Teacher345

Distillation346

To validate our dual-teacher distillation, we con-347

struct a capacity-controlled baseline supervised by348

Qwen3-Embedding-8B. Since global concatena-349

tion and normalization make homogeneous dual350

teachers mathematically equivalent to a single-351

teacher space (see Equation 1), this baseline ef-352

ficiently tests both "dual vs. single" and "heteroge-353

neous vs. homogeneous" paradigms. Table 3 shows354

the heterogeneous configuration outperforms the355

baseline (68.91 vs. 70.11), confirming that fusing356

complementary experts mitigates bias and builds a 357

more resilient foundation for elastic scaling. 358

4.2 Ablation on Token Compression Module 359

To validate our ETC module, we compare it against 360

four baselines under a controlled budget (trained 361

up to Stage 2): Hard Truncation, Token Pruning, 362

Token Merging, and Learnable 1D Convolution. 363

As shown in Table 3, our MLP-AvgPool config- 364

uration (66.28) significantly outperforms all base- 365

lines. Notably, dynamic routing mechanisms like 366

Pruning and Merging suffer massive degradation, 367

dropping over 20 points in asymmetric Retrieval. 368

Their discrete operations fail to converge within a 369

short 1-epoch budget, often destructively discard- 370

ing or diluting high-entropy entity tokens critical 371

for exact matching. Similarly, the Learnable 1D 372

Conv performs poorest (46.90). Injecting randomly 373

initialized parameters causes severe initialization 374

shock, disrupting the pre-aligned semantic topol- 375

ogy from Stage 1, while its local receptive field 376
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Figure 4: Ablation study of the progressive distillation
pipeline across varying compression ratios.

misses long-range dependencies. In contrast, our377

configuration combines non-linear projection with378

parameter-free, deterministic spatial pooling. This379

guarantees a smooth, fully differentiable gradient380

path and a global receptive field, perfectly align-381

ing with short-budget distillation dynamics without382

destroying the semantic foundation.383

4.3 Ablation on Progressive Distillation384

Pipeline385

Results in Figure 4 validate the CAPD pipeline:386

bypassing multi-teacher distillation (Skip Stage 1:387

2→3) or skipping the fixed-compression adaption388

(Skip Stage 2: 1→3) triggers catastrophic rep-389

resentation collapse under extreme compression.390

This proves the necessity of decoupling learning391

objectives as outlined in Section 2.1.392

Furthermore, comparing early halting (Stop at393

Stage 2: 1→2) with the complete configuration394

(Full Pipeline: 1→2→3) reveals that the primary395

benefit of dynamic compression sampling (Stage 3)396

is not merely flattening the degradation curve, but397

inducing a significant global regularization effect.398

It forces the model to maintain semantic topology399

across randomly fluctuating lengths, enabling the400

extraction of more robust, position-agnostic core401

features, ultimately achieving a global upward shift402

of the entire elasticity curve.403

4.4 Parameter Sensitivity Analysis404

We evaluate the sensitivity of Lth and ρ under a405

Stage 2 controlled setting (Figure 5). As shown406

in the top panel (Lth = 80), reducing ρ from 1.0407

to 0.33 halves encoding latency with only graceful408

MTEB degradation, though extreme compression409

(ρ = 0.1) triggers a sharp performance drop. Con-410

versely, fixing ρ = 0.33 (bottom panel) reveals411
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Figure 5: Parameter sensitivity analysis. (a) Impact of
the compression ratio ρ (Lth = 80). (b) Impact of the
length threshold Lth (ρ = 0.33).

that Lth = 1 destructively dilutes short queries, 412

whereas Lth = 80 sharply recovers performance 413

with a negligible latency penalty; further relaxation 414

(e.g., 256) inflates latency for marginal gains. This 415

firmly justifies our configuration (ρ = 0.33, Lth = 416

80) as the optimal sweet spot that minimizes long- 417

document computational overhead while safeguard- 418

ing short-query semantics. 419

4.5 Ablation of Retrieval Adaption 420

To validate the contrastive fine-tuning phase (Stage 421

4) for asymmetric dense retrieval, we ablate this 422

stage as reported in Table 3. Following the tar- 423

geted task adaptation in Stage 4, Retrieval perfor- 424

mance improves notably (from 65.53 to 66.19). 425

Crucially, while performance on other symmet- 426

ric benchmarks exhibits only marginal, zero-sum 427

empirical fluctuations, the substantial and isolated 428

gain in Retrieval confirms a successful targeted 429

enhancement rather than random variance. This 430

demonstrates that Stage 4 effectively elicits spe- 431

cialized fine-grained retrieval capabilities without 432

inducing catastrophic forgetting across the founda- 433

tional semantic space. 434

5 Qualitative Analysis 435

To intuitively demonstrate our elastic compression, 436

we analyze a retrieval sample where the core evi- 437

dence resides at the extreme tail. As Figure 6 illus- 438

trates, while standard Hard Truncation” physically 439

discards this segment causing complete retrieval 440
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Figure 6: Token-level similarity heatmap (vertical axis:
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preserves core tail evidence beyond the hard truncation
point (red dashed line).

failure, our ETC module maintains robust query441

alignment. The token-level heatmap reveals that442

ETC implicitly preserves high activation signals443

(dark blue clusters) for core anchor tokens beyond444

the truncation point. This confirms that our archi-445

tecture avoids mechanical sequence loss, perform-446

ing a global semantic distillation” to successfully447

retain indispensable context. For an extended qual-448

itative analysis across other challenging scenarios,449

please refer to Appendix H.450

6 Related Work451

6.1 Text Embeddings and Knowledge452

Distillation453

Text embedding models have evolved from context-454

unaware vectors and Siamese architectures like455

SBERT (Reimers and Gurevych, 2019) to weak-456

supervised pre-training such as E5 (Wang et al.,457

2022), and further to dominant LLM-based systems458

including Qwen3 (Zhang et al., 2025), QZhou (Yu459

et al., 2025), and KaLM (Zhao et al., 2025). To de-460

ploy these massive models in resource-constrained461

environments, knowledge distillation (KD) serves462

as a critical technique to bridge the performance-463

efficiency gap. KD frameworks have advanced464

from strict layer-wise feature matching like Tiny-465

BERT (Jiao et al., 2019), MobileBERT (Sun et al.,466

2020), and MiniLM (Wang et al., 2020) to gen-467

erative capability extraction via LLM-driven data468

synthesis or pseudo-labeling in Gecko (Lee et al.,469

2024). However, while multi-teacher distillation470

has been explored for LLMs (Jin et al., 2026), these471

existing text embedding pipelines predominantly472

rely on a single teacher, inherently inheriting spe-473

cific domain biases. To address this, we propose 474

a heterogeneous multi-teacher distillation mech- 475

anism that fuses complementary expert models 476

to construct an unbiased, balanced representation 477

space. 478

6.2 Efficient Inference and Token 479

Compression 480

The quadratic complexity (O(L2)) of Transformer 481

self-attention creates a severe inference bottleneck. 482

While exact hardware-aware optimizations like 483

FlashAttention (Dao et al., 2022) or linear archi- 484

tectures like Mamba (Gu and Dao, 2023) alleviate 485

this, they either retain asymptotic complexity or 486

require prohibitive retraining costs. Alternatively, 487

sequence reduction within existing Transformers is 488

widely explored. Token pruning methods, such 489

as PoWER-BERT (Goyal et al., 2020), Funnel- 490

Transformer (Dai et al., 2020), and learned pruning 491

policies (EECS Department, UC Berkeley, 2023; 492

Yun et al., 2023), discard less important tokens 493

but risk losing critical entities. Conversely, token 494

merging techniques like ToMe (Bolya et al., 2023; 495

Bolya and Hoffman, 2023) fuse redundant features 496

non-destructively but rely on dynamic operations 497

that impair GPU parallelization. To achieve run- 498

time flexibility, we introduce a dense-matrix-driven 499

Elastic Token Compression (ETC) architecture that 500

elastically scales sequences on-the-fly. 501

7 Conclusion 502

We present Jasper-Flash, a resource-efficient 503

framework that addresses computational redun- 504

dancy in text embedding models via Elastic 505

Token Compression. Our lightweight MLP- 506

AvgPool module enables elastic sequence scaling 507

while maintaining semantic integrity. We propose 508

a Compression-Adaptive Progressive Distilla- 509

tion (CAPD) paradigm that couples multi-stage 510

sampling with heterogeneous teacher fusion to 511

construct a robust, compression-adaptive seman- 512

tic space. Results demonstrate that our 0.6B- 513

parameter model, Jasper-Token-Compression- 514

600M, delivers highly competitive bilingual per- 515

formance, substantially outperforming its initializa- 516

tion baseline on the MTEB and C-MTEB bench- 517

marks. The framework significantly reduces mem- 518

ory overhead and inference latency, particularly 519

when processing variable-length sequences, offer- 520

ing a scalable solution for high-performance repre- 521

sentation learning under strict resource constraints. 522
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Limitations523

Retrieval Performance Trade-offs. A perfor-524

mance gap in dense retrieval persists compared525

to the 8B-parameter teacher models. We attribute526

this to three primary factors: (1) as derived from527

Lemma 1, our multi-teacher fusion anchors the528

target space to a mathematical average. While this529

prevents over-fitting to a single teacher’s biases and530

improves generalizability, it inherently restricts the531

student (66.19) from perfectly matching the spe-532

cialized retrieval peak of a single proficient teacher;533

(2) the 0.6B parameter scale faces a physical ca-534

pacity bottleneck when attempting to internalize535

the extensive world knowledge of 8B-level models;536

and (3) while our compression module is highly537

efficient, the average pooling operation prioritizes538

global semantic context, which can occasionally539

smooth over fine-grained, token-level entity signals540

required for exact-match asymmetric retrieval.541

Granularity of Token Compression. While our542

MLP-AvgPool compression module achieves re-543

markable macro-elasticity through dynamic se-544

quence truncation and length thresholds, the pool-545

ing mechanism itself applies uniformly across the546

retained sequence. It does not yet perform selective,547

token-level semantic routing (e.g., dynamically pre-548

serving rare keywords while aggressively dropping549

stop-words). This uniform spatial reduction repre-550

sents a theoretical ceiling for information retention551

under extreme compression bounds.552

Context Length Scope. Our Jasper-TC-600M553

model is currently trained and evaluated with a554

maximum context window of 1,030 tokens. This555

intentional constraint allows us to strictly opti-556

mize performance for standard benchmarks within557

compute-efficient budgets, directly reflecting the558

realities of lightweight, resource-constrained de-559

ployment scenarios.560

To address these structural constraints, our sub-561

sequent research will explore context-adaptive,562

attention-guided compression policies and extend563

the distillation pipeline to support ultra-long con-564

text windows.565
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A Proof of the Capability-Averaging 817

Property 818

In Section 2.2, we introduce a heterogeneous multi- 819

teacher distillation paradigm. To mathematically 820

ground the capability-averaging property of con- 821

catenating multiple teacher models, we prove that 822

the global dot product of concatenated and subse- 823

quently normalized representations is strictly equiv- 824

alent to the arithmetic mean of their individual sub- 825

vector dot products. 826

Lemma 1 (Dot-Product Equivalence). Given n in- 827

dependently l2-normalized sub-vectors ui, vi ∈ Rd 828

for i ∈ {1, 2, . . . , n}, satisfying ||ui||2 = 1 and 829

||vi||2 = 1. Let the unnormalized concatenated 830

vectors be defined as Ũ = [u1;u2; . . . ;un] and 831

Ṽ = [v1; v2; . . . ; vn], where [·; ·] denotes feature 832

concatenation along the channel dimension. If the 833

global representations U and V are obtained by 834
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globally l2-normalizing Ũ and Ṽ respectively, it835

strictly holds that:836

U · V =
1

n

n∑
i=1

(ui · vi) (6)837

Proof. First, we calculate the l2 norm of the unnor-838

malized concatenated vector Ũ . By the definition839

of the l2 norm for concatenated spaces, the squared840

norm of Ũ is the sum of the squared norms of its841

constituent sub-vectors:842

||Ũ ||22 =
n∑

i=1

||ui||22 =
n∑

i=1

1 = n (7)843

Thus, the norm is ||Ũ ||2 =
√
n. By the same logic,844

||Ṽ ||2 =
√
n.845

Next, we formulate the globally normalized vec-846

tors U and V by scaling the concatenated vectors:847

U =
Ũ

||Ũ ||2
=

1√
n
Ũ, V =

Ṽ

||Ṽ ||2
=

1√
n
Ṽ

(8)848

Now, we expand the global dot product of U and849

V by extracting the scalar scaling factors:850

U · V =

(
1√
n
Ũ

)
·
(

1√
n
Ṽ

)
=

1

n
(Ũ · Ṽ ) (9)851

Since the dot product of two concatenated vec-852

tors is exactly the sum of the dot products of their853

corresponding aligned sub-vectors, we have:854

Ũ · Ṽ =

n∑
i=1

(ui · vi) (10)855

Substituting this decomposition back into the856

expanded global dot product yields the final equiv-857

alence:858

U · V =
1

n

n∑
i=1

(ui · vi) (11)859

860

B Theoretical Justification of861

Dimensionality Reduction for862

Non-MRL Teachers863

In Section 2.2, we compress the 3072-dimensional864

representation of the QZhou model into a 1024-865

dimensional vector via parameter-free block-wise866

summation. To theoretically justify why this opera-867

tion preserves the semantic topology of the origi-868

nal space without causing catastrophic information869

loss, we provide the following mathematical proof.870

Assumption 1 (Isotropic and Zero-Mean Fea- 871

tures). Following standard theoretical simplifica- 872

tions in representation learning, we model the high- 873

dimensional embedding features as approximately 874

zero-mean and isotropic (i.e., dimensions are or- 875

thogonal and independent). This assumption is 876

empirically grounded: (1) the ubiquitous use of 877

Layer Normalization (Ba et al., 2016) enforces a 878

near-zero mean across hidden states; (2) modern 879

contrastive fine-tuning objectives specifically op- 880

timize for representation uniformity (Gao et al., 881

2021b; Wang and Isola, 2020), effectively mitigat- 882

ing anisotropy and pushing the high-dimensional 883

semantic space to be isotropic. Under this premise, 884

the expected product of mismatched dimensions 885

approaches zero, i.e., E[xayb] ≈ 0 for a ̸= b. 886

Proof. Let x, y ∈ RD be two original high- 887

dimensional embedding vectors (e.g., D = 3072), 888

and x̂, ŷ ∈ Rd be the reduced vectors (e.g., d = 889

1024). The block size is k = D/d = 3. The 890

block-wise summation for the i-th dimension of x̂ 891

is defined as: 892

x̂i =
k∑

j=1

x(i−1)k+j (12) 893

The dot product of the reduced vectors in the 894

d-dimensional space is calculated as: 895

x̂ · ŷ =
d∑

i=1

x̂iŷi

=
d∑

i=1

 k∑
j=1

x(i−1)k+j

( k∑
l=1

y(i−1)k+l

)
(13)

896

Expanding the product, we can decouple the 897

terms into diagonal components (where the original 898

dimensions match) and cross components (where 899

they are mismatched): 900

x̂ · ŷ =

d∑
i=1

k∑
j=1

x(i−1)k+jy(i−1)k+j

+
d∑

i=1

k∑
j ̸=l

x(i−1)k+jy(i−1)k+l

(14) 901

Notice that the first term is exactly equivalent 902

to the dot product in the original D-dimensional 903
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space:904

d∑
i=1

k∑
j=1

x(i−1)k+jy(i−1)k+j =

D∑
m=1

xmym = x · y

(15)905

Let the second term be defined as the cross-906

dimensional noise ∆cross. Thus, we have x̂ · ŷ =907

x · y +∆cross.908

Applying Assumption 1, since the dimensions909

are modeled as zero-mean and independent, the ex-910

pectation of the cross-dimensional product is zero:911

E[∆cross] =
d∑

i=1

k∑
j ̸=l

E[x(i−1)k+jy(i−1)k+l] ≈ 0

(16)912

Taking the expectation of the entire equation, the913

noise term cancels out, yielding:914

E[x̂ · ŷ] ≈ x · y (17)915

Therefore, we conclude that the block-wise sum-916

mation operation unbiasedly preserves the expected917

dot product (and subsequently the relative cosine918

similarity after global l2 normalization) of the orig-919

inal high-dimensional space. This ensures high-920

fidelity knowledge distillation without introducing921

uninitialized learnable parameters.922

C Training Detail923

Regarding implementation details, the core train-924

ing is executed on 4 RTX 4090 GPUs, utilizing925

the Adam optimizer (Kingma and Ba, 2014) and926

FlashAttention-2 (Dao, 2023). To ensure the full re-927

producibility of our experiments, we detail the com-928

prehensive hyperparameter configurations utilized929

across the four-stage progressive training pipeline930

in Table 4.931

D Dataset Construction and Mining932

Methodology933

This research employs a dual-stage training frame-934

work designed to systematically enhance the bilin-935

gual representation capabilities of our text embed-936

ding model.937

D.1 Stage 1: Knowledge Distillation938

The objective of this stage is to establish a ro-939

bust general semantic space by extracting features940

from large-scale heterogeneous corpora. We in-941

tegrated approximately 12 million training pairs,942

comprising queries (q), short sentences (s), and943

long passages (p), with a strict 1:1 ratio between 944

English and Chinese data. Mining is conducted 945

via two strategies: (1) Active Ratio Strategy, 946

which extracts queries from public SFT and QA 947

datasets while matching corresponding s and p 948

from pre-training corpora to ensure balanced do- 949

main distribution; and (2) Heuristic Rule Extrac- 950

tion, which utilizes predefined patterns (e.g., inter- 951

rogative structures, instruction verbs) to automat- 952

ically identify potential query contexts from mas- 953

sive unsupervised corpora such as WuDao (Yuan 954

et al., 2021). Data cleaning follows the principle 955

of "preserving original diversity," removing only 956

obvious formatting noise to maximize feature gen- 957

eralization. 958

D.2 Stage 2: Supervised Fine-tuning (SFT) 959

Following the distillation phase, the model is re- 960

fined using approximately 2.5 million high-quality 961

supervised samples processed via the KaLM 962

framework (Zhao et al., 2025). This stage focuses 963

on enhancing the model’s discriminative power for 964

fine-grained semantic boundaries. All tasks are 965

reformulated into a unified retrieval format with 966

task-specific instructions. Two core techniques 967

are applied: (1) Ranking Consistency Filtering, 968

which validates query-positive alignment by check- 969

ing similarity rankings and discarding false neg- 970

atives; and (2) KaLM Hard Negative Mining, 971

which manually selects documents ranked between 972

50 and 100 in the initial retrieval pool as hard neg- 973

atives. This forces the model to learn more pre- 974

cise decision boundaries compared to random neg- 975

ative sampling. For datasets that appear in both our 976

training mixture and downstream evaluation bench- 977

marks (e.g., MS MARCO, NQ, and T2Ranking), 978

we strictly utilize their official training splits for 979

supervised fine-tuning. 980

E Full Results 981

In this section, we expand upon the main experi- 982

ments by providing a more exhaustive evaluation. 983

Specifically, Table 7 presents a comprehensive com- 984

parative analysis of our model across varying com- 985

pression ratios against baseline models on both 986

the MTEB and C-MTEB benchmarks. Table 8 987

and Table 9 present an extended comparative anal- 988

ysis against a broader range of baseline models 989

on both the MTEB (English) and C-MTEB (Chi- 990

nese) benchmarks. Furthermore, Table 10 and 991

Table 11 detail the fine-grained, dataset-specific 992
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Category Hyperparameter Stage 1 Stage 2 Stage 3 Stage 4

Training Training Duration 2 epochs 2 epochs 800 steps 5,000 steps
Optimizer Adam Adam Adam Adam
Learning Rate 1e-4 7e-5 7e-5 2e-5
LR Scheduling Cosine Cosine Cosine Cosine
Warmup Ratio 0.005 0.005 0.005 -
Max Seq. Length 1,030 1,030 1,030 -
Global Batch Size 256 256 512 64

Compression Length Threshold (Lth) - 80 80 80
Baseline Ratio (ρ) - 0.33 0.33 0.33
Actual Mode - Fixed Dynamic Dynamic

Loss & Task Cosine Weight (λ1) 10 10 10 10
Similarity Weight (λ2) - - 100 -
KL Weight (λ3) - - - 16
Hard Negatives (K) - - - 3
Temp. (τ / α) - - - 0.3 / 0.1

Table 4: Comprehensive summary of hyperparameters across the four training stages. λ1, λ2, and λ3 denote the
balancing weights for cosine similarity, pairwise similarity, and KL divergence losses, respectively, as defined in the
methodology.

Table 5: Summary of Knowledge Distillation Datasets (approx. 12M pairs)

Source Dataset Format Language
The Pile (Gao et al., 2021a) s, p English
FineWeb / FineWeb-Edu (Penedo et al., 2024) s, p English
IndustryCorpus2 (Beijing Academy of Artificial Intelligence (BAAI), 2024a) s, p Multilingual
FineWeb-Edu-Chinese (Lozhkov et al., 2024) s, p Chinese
Sentence-transformers Training Data (Reimers and Gurevych, 2019) q English
BGE-M3-Data (Chen et al., 2024) q Multilingual
Industry Instruction (Shi et al., 2024) q English
Infinity-Instruct (Beijing Academy of Artificial Intelligence (BAAI), 2024b) q English
Smoltalk (Tunstall et al., 2024) q English
Smoltalk-Chinese (Tunstall et al., 2024) q Chinese
MNBVC (MOP-LIWU Community and MNBVC Team, 2023) q Chinese
CLUE-WebQA & Encyclopedia QA (Xu et al., 2020) q Chinese
Awesome-LLM-Datasets (ZH) (Open-Source Community) q Chinese
WuDao Corpora (Queries) (Yuan et al., 2021) q Chinese

Note: q denotes Query; s denotes Sentence; p denotes Passage.

performance breakdown of our Jasper-TC-600M993

model across all constituent task categories.994

F Details of the MTEB Subset995

Evaluation Settings: To manage computational996

costs, the ablations in Sections 4.1-4.4 employ997

a scaled-down setting (1 epoch) evaluated on a998

streamlined MTEB subset (23 datasets, detailed in999

Appendix F), which efficiently reveals consistent1000

relative performance trends. Conversely, Section1001

4.5 utilizes the full training configuration (2 epochs)1002

on the complete benchmark to ensure direct com-1003

parability with our main results.1004

G Extended Qualitative Analysis1005

To provide a comprehensive view of our Elastic To-1006

ken Compression mechanism, we present extended1007

token-level similarity heatmaps across diverse re- 1008

trieval scenarios in Figure 7(a)–(d), with the exact 1009

text pairs detailed in Table 13. 1010

H Extended Qualitative Analysis 1011

To provide a comprehensive view of our ETC mod- 1012

ule and mitigate potential cherry-picking bias in 1013

our experimental evaluations, we present an ex- 1014

tended qualitative analysis across a total of five 1015

diverse and challenging retrieval scenarios: (1) Ex- 1016

treme Tail, (2) Lost in the Middle, (3) Scattered 1017

Evidence, (4) Dense Distraction, and (5) Temporal 1018

Update. Table 13 details the original queries and 1019

the highly compressed document contexts for all 1020

five cases. To visually demonstrate our model’s 1021

alignment capabilities, the corresponding token- 1022

level similarity heatmaps are distributed across the 1023
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Table 6: Summary of Supervised Fine-tuning Datasets (approx. 2.5M pairs)

Source Dataset Format Language
MS MARCO (Nguyen et al., 2016) s2p English
Natural Questions (NQ) (Kwiatkowski et al., 2019) s2p English
SQuAD 2.0 (Rajpurkar et al., 2018) s2p English
HotpotQA (Yang et al., 2018) s2p English
TriviaQA (Joshi et al., 2017) s2p English
ELI5 (Fan et al., 2019) s2p English
PAQ (Part 2) (Lewis et al., 2021) s2p English
T2Ranking (Xie et al., 2023) s2p Chinese
DuReader / DuReader Checklist (He et al., 2018; Tang et al., 2021) s2p Chinese
mMARCO (zh) (Bonifacio et al., 2021) s2p Chinese
Multi-CPR (Ecom/Medical/Video) (Long et al., 2022) s2p Chinese
S2ORC (Lo et al., 2020) s2p English
CMedQA-V2.0 (Zhang et al., 2018) s2p Chinese
Amazon QA / Amazon Reviews (Ni et al., 2019; Hou et al., 2024) s2p English
CodeFeedback (Zheng et al., 2024) s2p English
StackExchange DupQuestions (Hoogeveen et al., 2015) s2s English
MetaMathQA (Yu et al., 2023) s2p English

Note: s2p denotes sentence-to-passage (asymmetric); s2s denotes sentence-to-sentence (symmetric).

paper: the heatmap for Case 1 is presented in the1024

main text (Figure 6), while the heatmaps for Cases1025

2 through 5 correspond to subfigures (a) through1026

(d) in Figure 7 of this appendix, respectively.1027

Within Table 13, the text highlighted in bold1028

corresponds to the core evidence tokens that exhib-1029

ited the highest activation scores against the query1030

tokens in our model’s compressed semantic space.1031

As illustrated in the accompanying heatmaps, the1032

red dashed line denotes the strict sequence-length1033

budget (i.e., the Hard Truncation Point). While1034

standard baselines are forced to mechanically dis-1035

card tokens beyond this boundary, our Jasper-TC-1036

600M model equipped with the ETC module elasti-1037

cally compresses the entire document context into1038

the exact same budget. The heatmaps reveal that1039

our model successfully preserves the highly acti-1040

vated core evidence (indicated by the prominent1041

dark blue clusters). This confirms that our frame-1042

work conducts robust, position-agnostic semantic1043

distillation during the retrieval process, success-1044

fully preserving indispensable evidence regardless1045

of its absolute physical position, lexical overlaps,1046

or temporal shifts in the original text.1047
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Figure 7: Token-level similarity heatmaps for four extended retrieval scenarios: (a) Lost in Middle, (b) Scattered
Evidence, (c) Dense Distraction, and (d) Temporal Update. The red dashed line denotes the hard truncation point.
Dark blue clusters indicate the highly activated core evidence successfully preserved by our ETC module.
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Model Params Dim. M.Task M.Type Clas. Clus. Pair. Rank. Retr. STS Sum.

MTEB (English)

QZhou-Embedding 7B 3584 75.97 69.52 88.97 61.65 92.43 51.77 67.12 91.65 33.05
Qwen3-Embedding-8B 8B 4096 75.23 68.71 90.43 58.57 87.52 51.56 69.44 88.58 34.83
Qwen3-Embedding-4B 4B 2560 74.61 68.10 89.84 57.51 87.01 50.76 68.46 88.72 34.39
Qwen3-Embedding-0.6B 595M 1024 70.47 64.72 84.58 54.05 84.37 48.18 61.83 86.57 33.43

Jasper-TC-600M (ρ = 0.50) 595M 2048 74.75 68.46 90.35 59.44 90.15 50.60 66.19 88.79 33.66
Jasper-TC-600M (ρ = 0.33) 595M 2048 74.71 68.43 90.37 59.33 90.15 50.60 66.17 88.71 33.66
Jasper-TC-600M (ρ = 0.20) 595M 2048 74.58 68.33 90.32 59.22 90.15 50.59 65.77 88.75 33.53
Jasper-TC-600M (ρ = 0.10) 595M 2048 74.22 67.93 90.27 58.80 90.15 50.59 64.76 88.77 32.16

C-MTEB (Chinese)

QZhou-Embedding-Zh 7B 1792 78.52 80.29 78.57 81.76 95.49 72.37 80.24 73.33 –
QZhou-Embedding 7B 3584 76.99 78.58 79.99 70.91 95.07 74.85 78.80 71.89 –
Qwen3-Embedding-8B 8B 4096 73.84 75.00 76.97 80.08 84.23 66.99 78.21 63.53 –
Qwen3-Embedding-4B 4B 2560 72.27 73.51 75.46 77.89 83.34 66.05 77.03 61.26 –
Qwen3-Embedding-0.6B 595M 1024 66.33 67.45 71.40 68.74 76.42 62.58 71.03 54.52 –

Jasper-TC-600M (ρ = 0.50) 595M 2048 73.51 75.00 77.72 77.45 85.38 69.95 75.64 63.88 –
Jasper-TC-600M (ρ = 0.33) 595M 2048 73.51 75.03 77.64 77.69 85.38 70.11 75.48 63.88 –
Jasper-TC-600M (ρ = 0.20) 595M 2048 73.38 74.92 77.60 77.47 85.38 70.06 75.16 63.88 –
Jasper-TC-600M (ρ = 0.10) 595M 2048 73.17 74.76 77.41 77.42 85.38 69.83 74.63 63.88 –

Table 7: Comprehensive results on MTEB (English) and C-MTEB (Chinese) benchmarks. Abbreviations: Params
(Parameters), Dim. (Dimension), Clas. (Classification), Clus. (Clustering), Pair. (Pair Classification), Rank. (Rerank-
ing), Retr. (Retrieval), Sum. (Summarization). M.Task and M.Type denote Mean(Task) and Mean(TaskType),
respectively. The rows highlighted in gray represent our best-performing configurations (ρ = 0.50). Best scores
across all models within each respective benchmark are bolded. Note: C-MTEB does not include a Summarization
task, indicated by ’–’.

Model Size Dimension Mean (Task) Mean (Task Type)

stella_en_400M_v5 435M 4096 69.39 64.84
KaLM-embedding-mini-v2.5 494M 896 71.29 65.31
Qwen3-Embedding-0.6B 595M 1024 70.47 64.72
Jasper-Token-Compression-600M 600M 2048 74.75 68.46
jasper_en_vision_language_v1 1.5B 8960 71.41 66.65
F2LLM-1.7B 1.7B 2560 72.01 65.67
Qwen3-Embedding-4B 4B 2560 74.60 68.10
F2LLM-4B 4B 2560 73.67 67.29
QZhou-Embedding 7B 3584 75.97 69.52
LGAI-Embedding-Preview 7B 4096 74.12 68.40
Linq-Embed-Mistral 7B 4096 69.80 65.29
SFR-Embedding-Mistral 7B 4096 69.31 64.94
NV-Embed-v2 7B 4096 69.81 65.00
Qwen3-Embedding-8B 8B 4096 75.22 68.71
Seed 1.5-Embedding - 2048 74.76 68.56
Seed 1.6-Embedding - 2048 74.07 67.98
gemini-embedding-001 - 3072 73.30 67.67

Table 8: Results on the MTEB (English). Rows highlighted in light blue (QZhou-Embedding and Qwen3-
Embedding-8B) correspond to the teacher models. The row highlighted in light orange (Qwen3-Embedding-0.6B)
corresponds to the initialized student model. The row highlighted in gray represents our proposed Jasper-Token-
Compression-600M model.
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Model Size Dimension Mean (Task) Mean (Task Type)

Yinka 326M 1024 70.70 71.73
stella-mrl-large-zh-v3.5-1792d 326M 1792 68.60 69.30
ritrieve_zh_v1 326M 1792 72.71 73.85
xiaobu-embedding-v2 326M 768 72.36 73.48
Conan-embedding-v1 326M 768 72.50 73.65
zpoint_large_embedding_zh 326M 1792 71.81 72.82
KaLM-embedding-mini-v2.5 494M 896 70.89 72.43
Qwen3-Embedding-0.6B 595M 1024 66.33 67.45
Jasper-Token-Compression-600M 600M 2048 73.51 75.00
Youtu-Embedding 2B 2048 77.58 78.86
Qwen3-Embedding-4B 4B 2560 72.27 73.51
QZhou-Embedding-Zh 7B 1792 78.52 80.29
QZhou-Embedding 7B 3584 76.99 78.58
gte-Qwen2-7B-instruct 7B 3584 71.62 72.19
Qwen3-Embedding-8B 8B 4096 73.84 75.00
Seed1.5-Embedding - 2048 74.87 76.01
Seed 1.6-embedding - 2048 75.63 76.68
Conan-embedding-v2 - 3584 74.24 75.99
piccolo-large-zh-v2 - 1024 70.86 71.94

Table 9: Results on the C-MTEB (Chinese). Rows highlighted in light blue (QZhou-Embedding and Qwen3-
Embedding-8B) correspond to the teacher models. The row highlighted in light orange (Qwen3-Embedding-0.6B)
corresponds to the initialized student model. The row highlighted in gray represents our proposed Jasper-Token-
Compression-600M model.
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Task Type Testset Jasper-Token-Compression-600M

Classification AmazonCounterfactualClassification 93.52
Classification Banking77Classification 87.46
Classification ToxicConversationsClassification 91.06
Classification MassiveIntentClassification 85.29
Classification MassiveScenarioClassification 90.85
Classification TweetSentimentExtractionClassification 78.57
Classification MTOPDomainClassification 98.97
Classification ImdbClassification 97.11
Clustering StackExchangeClusteringP2P.v2 53.54
Clustering MedrxivClusteringS2S.v2 46.23
Clustering ArXivHierarchicalClusteringP2P 66.10
Clustering TwentyNewsgroupsClustering.v2 67.61
Clustering BiorxivClusteringP2P.v2 51.96
Clustering ArXivHierarchicalClustering S2S 63.87
Clustering MedrxivClusteringP2P.v2 49.01
Clustering StackExchangeClustering.v2 77.23
Pair Classification TwitterURLCorpus 88.91
Pair Classification SprintDuplicateQuestions 98.34
Pair Classification TwitterSemEval2015 83.20
Reranking MindSmallReranking 32.77
Reranking AskUbuntuDupQuestions 68.44
Retrieval TRECCOVID 89.92
Retrieval Touche2020Retrieval.v3 67.94
Retrieval SCIDOCS 25.51
Retrieval HotpotQAHardNegatives 76.67
Retrieval CQADupstackUnixRetrieval 59.13
Retrieval CQADupstackGamingRetrieval 70.85
Retrieval FiQA 2018 53.89
Retrieval FEVERHardNegatives 93.66
Retrieval ClimateFEVERHardNegatives 46.03
Retrieval ArguAna 78.28
STS STS13 93.35
STS STS14 89.63
STS STS12 86.07
STS STS17 93.42
STS STSBenchmark 92.89
STS STS22.v2 73.30
STS SICK-R 85.30
STS BIOSSES 91.68
STS STS15 93.47
Summarization SummEvalSummarization.v2 33.66

Table 10: Results for each dataset in the English portion of the MTEB benchmark.
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Task Type Testset Jasper-Token-Compression-600M

Classification JDReview 88.39
Classification OnlineShopping 94.56
Classification TNews 57.04
Classification MultilingualSentiment 81.23
Classification Waimai 90.05
Classification IFlyTek 55.03
Clustering CLSClusteringP2P 69.94
Clustering CLSClusteringS2S 67.98
Clustering ThuNewsClusteringS2S 84.07
Clustering ThuNewsClusteringP2P 87.82
Pair Classification Ocnli 83.00
Pair Classification Cmnli 87.76
Reranking CMedQAv2 - reranking 88.59
Reranking T2Reranking 67.54
Reranking CMedQAv1 - reranking 88.44
Reranking MMarcoReranking 35.24
Retrieval VideoRetrieval 76.10
Retrieval MMarcoRetrieval 83.93
Retrieval EcomRetrieval 68.93
Retrieval CmedqaRetrieval 47.54
Retrieval T2Retrieval 86.14
Retrieval CovidRetrieval 87.52
Retrieval MedicalRetrieval 65.37
Retrieval DuRetrieval 89.54
STS QBQTC 47.04
STS AFQMC 56.07
STS ATEC 53.87
STS LCQMC 80.68
STS STSB 88.66
STS BQ 72.64
STS PAWSX 48.17

Table 11: Results for each dataset in the Chinese portion of the MTEB benchmark.
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Category Dataset Domain / Text Type Main Metric

Retrieval

ArguAna Argument Retrieval (Long Query/Doc) nDCG@10
SCIDOCS Scientific Literature Citation nDCG@10
Hotpot QA Hard Negatives Multi-hop Question Answering nDCG@10
TRECCOVID Medical/Pandemic Search nDCG@10
FIQA2018 Financial Opinion Mining & QA nDCG@10
FEVERHardNegatives Fact Extraction and Verification nDCG@10

Classification

Banking77Classification Customer Service Intent Detection Accuracy
ImdbClassification Movie Reviews (Long Text Sentiment) Accuracy
AmazonCounterfactualClassification Counterfactual Detection (Product Reviews) Accuracy
ToxicConversationsClassification Social Media Comment Moderation Accuracy

Clustering

TwentyNewsgroupsClustering.v2 News Articles (Classic Benchmark) V-Measure
ArXivHierarchicalClusteringP2P Paragraph-to-Paragraph Academic Texts V-Measure
MedrxivClusteringP2P.v2 Medical Research Paragraphs V-Measure
StackExchangeClusteringP2P.v2 Technical Community QA Threads V-Measure

STS

STSBenchmark Standard Semantic Textual Similarity Spearman corr.
SICK-R Entailment and Relatedness Spearman corr.
STS12 Historical Similarity Baseline (2012) Spearman corr.
STS14 Historical Similarity Baseline (2014) Spearman corr.
STS15 Historical Similarity Baseline (2015) Spearman corr.

Reranking AskUbuntuDupQuestions Technical Forum Duplicate Re-ranking MAP / MRR

Pair Classification SprintDuplicateQuestions Community QA Duplicate Detection Cosine F1
TwitterSemEval2015 Paraphrase Detection (Social Media) Cosine F1

Summarization SummEvalSummarization.v2 Text Summarization Evaluation Spearman corr.

Table 12: Summary of the streamlined MTEB subset (23 datasets) utilized in our ablation studies. This subset spans
all 7 core task categories to balance evaluation comprehensiveness and computational efficiency.
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Scenario Query Document Snippet (Omitted for brevity) Mechanism Highlight

1. Extreme Tail What was the main
reason discovered for
the sudden bridge col-
lapse during the heavy
storm?

Following the unprecedented structural dis-
aster... [... 500 words of meteorological and
traffic logs omitted ...] After testing the chem-
ical makeup of the broken pieces, the dedi-
cated researchers ultimately found that the
collapse was caused by deep red rust which
had slowly compromised the core anchor in-
tegrity over several decades.

Preserves critical evi-
dence at the absolute
sequence boundary, pre-
venting hard-truncation
failure.

2. Lost in Middle Which natural sweet
oil is used by the mu-
seum staff for protect-
ing the ancient wood
figures?

The global cultural heritage foundation re-
cently announced a major upcoming exhibi-
tion... [... 300 words of logistic preparations
omitted ...] Instead, drawing inspiration from
traditional preservation methods used by an-
cient boat builders, they put a thin layer of
sweet pine oil on across the entire exterior
surface to create a breathable hydrophobic
barrier. [... 300 words of security measures
omitted ...]

Successfully isolates and
retains core facts buried
deep within homogenous,
redundant context.

3. Scattered What final color was
chosen by the council
to paint the public li-
brary building?

The primary agenda item was heavily debated
as the city council talked about the new public
library building... [... 500 words detailing ar-
chitectural disputes and budgets omitted ...]
After reviewing all the public survey results
regarding the visual integration of the facility,
they voted to paint the big walls dark green
now to ensure perfect harmony with the sur-
rounding ancient oak trees.

Implicitly links the tar-
get entity (front) with its
corresponding temporal
state/value (tail) in the
compressed space.

4. Distraction Which deep stone
cave is used as the pri-
mary storage facility
for the winter grain
harvest?

During the early spring months, vegetables
are temporarily housed in the large wooden
barn... the massive corn and wheat surplus
is deposited into the towering steel silo...
[... 400 words of transportation logs omit-
ted ...] To protect the most vital nutritional
resources from freezing temperatures and ex-
ternal threats, the massive winter grain har-
vest is kept safely in the deep cold stone cave
base located deep beneath the northern moun-
tain range.

Resists lexical overlap-
ping traps (e.g., "wooden
barn", "steel silo", "brick
warehouse" appearing in
wrong contexts) to find
the true semantic match.

5. Temporal Update Was the final winter
music festival event
moved to the local
town theater by the
committee?

The board proudly announced... that the gath-
ering would be hosted at the massive outdoor
central stadium. [... 400 words detailing sta-
dium stage preparations omitted ...] Realiz-
ing that proceeding with the original outdoor
plan would be incredibly dangerous due to
the blizzard, they moved the whole event to
the local town theater to guarantee absolute
safety.

Captures dynamic state
changes and prevents an-
choring bias toward obso-
lete or superseded infor-
mation mentioned early
in the document.

Table 13: Detailed query and context pairs for the extended qualitative analysis. Bold text indicates the token
spans that maintained the highest attention/similarity signals in the ETC compressed representations, successfully
bypassing positional, lexical, and temporal biases.
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