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Abstract

Deploying text embedding models under
resource constraints is challenged by the
sequence-length-dependent computational cost
of self-attention. However, existing sequence-
reduction strategies remain predominantly
static and offer limited flexibility across infer-
ence budgets. We propose Jasper-Flash, an
inference-scalable text embedding framework
combining Elastic Token Compression (ETC)
with Compression-Adaptive Progressive Dis-
tillation (CAPD). ETC uses a length thresh-
old and a user-selected compression ratio to
adjust sequence length on the fly, enabling flex-
ible latency—quality trade-offs within a single
model. To mitigate the optimization difficulty
introduced by lossy sequence reduction, CAPD
integrates heterogeneous multi-teacher distilla-
tion with a progressive curriculum over fixed
and dynamically sampled compression ratios.
We instantiate Jasper-Flash as Jasper-Token-
Compression-600M, a bilingual text embed-
ding model. Experiments on MTEB and C-
MTEB demonstrate competitive performance
across compression ratios and substantial re-
ductions in encoding latency, particularly for
longer inputs. The code and model are avail-
able at https://huggingface.co/infgrad/
Jasper-Token-Compression-600M.

1 Introduction

While text embedding models have profoundly ad-
vanced downstream tasks such as information re-
trieval and document clustering (Muennighoff et al.,
2023), deploying them in resource-constrained sce-
narios remains highly challenging. Specifically,
achieving lightweight yet high-performance repre-
sentations faces two formidable bottlenecks: the
memory bottleneck caused by massive parameter
scales (Nie et al., 2024), and the computational
bottleneck stemming from the inherent quadratic
complexity of self-attention (Vaswani et al., 2017).
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Figure 1: Illustration of the Elastic Token Compression.
Positioned between the embedding and attention layers,
this module utilizes a target compression ratio p and
a length threshold (default L;;, = 80) to transform a
single input into multi-scale elastic target sequences.

In this work, we focus on the sequence-length-
dependent computational bottleneck, which leads
to substantial inference latency as input sequences
grow longer.

To mitigate the sequence-length-dependent com-
putational bottleneck, token-level sequence reduc-
tion has been explored through various techniques
(Goyal et al., 2020; Dai et al., 2020; Yun et al.,
2023). However, even amidst recent advancements
in efficient sequence modeling (Gu and Dao, 2024;
Dao et al., 2022), sequence reduction strategies
remain predominantly static. Furthermore, while
Matryoshka Representation Learning (MRL) en-
ables elasticity in the representation dimension for
storage efficiency (Kusupati et al., 2022), the high
computational costs during inference remain un-
addressed. Therefore, there is an urgent need for
embedding models with inference elasticity to bal-
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ance task performance and computational overhead
under varying resource constraints.

Given that the computational bottleneck of self-
attention is fundamentally tied to sequence length
(Vaswani et al., 2017), introducing elasticity along
the sequence dimension presents a natural solution.
To this end, inspired by MRL, we propose Jasper-
Flash, a resource-efficient embedding framework
designed to achieve inference-time elasticity,
based on an Elastic Token Compression (ETC)
module and a Compression-Adaptive Progres-
sive Distillation (CAPD) paradigm. Specifically,
as illustrated in Figure 1, the ETC module utilizes
length thresholds and compression-ratio sampling
to flexibly scale input sequences to target lengths.
Because aggressive sequence reduction may de-
grade representation quality and complicate op-
timization, CAPD builds on our earlier study of
multi-teacher distillation (Zhang et al., 2024) by
combining heterogeneous teacher supervision with
a four-stage progressive curriculum, first establish-
ing a semantic foundation and then adapting the
student to varying compression constraints.

Building upon our framework, we introduce
Jasper-TC-600M, a bilingual text embedding
model for which we previously released an early
technical report (Zhang et al., 2025a). Experi-
ments demonstrate strong inference elasticity: at
p = 0.10, it reduces 1,024-token encoding latency
from the baseline’s 24.24 ms to 4.48 ms while re-
taining a competitive MTEB Mean(Task) score of
74.22. Compared with its 0.6B initialization base-
line, the CAPD training pipeline improves MTEB
Mean(Task) from 70.47 to 74.75 at p = 0.50, pri-
marily through progressive multi-teacher distilla-
tion and retrieval adaptation. Across compression
ratios from 0.50 to 0.10, ETC preserves most of this
representation quality, with Mean(Task) decreas-
ing by only 0.53 points while providing multiple
latency—quality operating points.

In summary, our contributions are as follows:

¢ Elastic Token Compression (ETC): We pro-
pose a lightweight architecture that achieves
inference-time elasticity. It enables on-the-
fly sequence scaling under varying compu-
tational budgets, thereby flexibly optimizing
inference overhead.

* Compression-Adaptive Progressive Distil-
lation (CAPD): We introduce a progres-
sive training paradigm that first establishes a

strong semantic representation space through
heterogeneous multi-teacher distillation and
then adapts it to fixed and dynamically sam-
pled compression ratios.

*» Jasper-Token-Compression-600M: We train
and present a bilingual inference-scalable text
embedding model that substantially improves
over its initialization baseline and maintains
competitive performance across multiple com-
pression ratios.

2 Compression-Adaptive Progressive
Distillation

2.1 Overall Methodology

Combining knowledge distillation with token com-
pression is a highly promising approach for effi-
cient text embedding models. However, this in-
troduces a critical challenge: smoothly integrating
token compression during distillation to balance
the student model’s representational capacity and
compression adaptability. Since token compression
is inherently a lossy sequence reduction, forcing a
model to simultaneously learn semantic alignment
and sequence compression before establishing a
robust feature foundation often leads to training
instability and sub-optimal convergence.

The core design of our CAPD framework is the
decoupling of learning objectives. Specifically, we
first train the student model to align with the teach-
ers’ representational space under full-context condi-
tions, and subsequently introduce flexible sequence
compression to establish a robust adaptation foun-
dation. Finally, following the standard representa-
tion learning paradigm, we perform fine-grained
task adaptation to elicit specialized downstream
performance.

2.2 Heterogeneous Multi-Teacher Distillation

In the first stage of CAPD, we aim to construct
a comprehensive semantic foundation before in-
troducing sequence compression. To integrate su-
pervision from multiple representation spaces, we
construct a unified distillation target by aggregat-
ing the similarity structures induced by different
teachers, rather than constraining the student to
reproduce a single teacher-specific geometry.
Mathematically, given independently /-
normalized sub-vectors u; and v; from n teacher
models, their globally normalized concatenated rep-
resentations, defined as U = Norm(uy || -« - || up)
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(a) Qwen3-Embedding-0.6B

(b) Student Model (Stagel)

(c) Final Student Model
(Jasper-Token-Compression-600M)

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 flexible sequence reduction.

and V = Norm(vy || - - || vn), satisfy:
U-V= li(u v;) (1)
- n — (2 1)

Because U, V, u;, and v; are all ¢9-normalized,
their dot products correspond to cosine similarities.
Equation 1 therefore establishes that the cosine sim-
ilarity in the fused representation space is exactly
the arithmetic mean of the cosine similarities pro-
duced by the individual teachers. A concise proof
is provided in Appendix A.

Based on this equal-weight similarity aggrega-
tion, we introduce a heterogeneous multi-teacher
distillation paradigm that exploits capability com-
plementarity. Specifically, teachers with different
task strengths provide complementary supervision,
allowing the fused target to reflect multiple simi-
larity structures instead of depending exclusively
on a single teacher. Assuming the output vector
of the ¢-th teacher model is E},, the target teacher
representation F; is formulated as:

E, = Norm(Norm(Etl) -l Norm(Etn)).

To exploit capability complementarity while
maintaining computational efficiency, we select
two models with different task strengths from
the MTEB leaderboard: Qwen3-Embedding-8B
(Zhang et al., 2025b), which excels in asymmet-
ric retrieval tasks (69.44), and QZhou-Embedding-
7B (Yu et al., 2025a), which performs strongly in
STS tasks (91.65). To prevent direct concatenation

from producing an excessively high-dimensional
target vector, we reduce both teacher representa-
tions to 1024 dimensions. Leveraging its native Ma-
tryoshka Representation Learning capability, we
directly extract the first 1024 dimensions of Qwen3-
Embedding-8B, denoted as Eyyen. For QZhou-
Embedding-7B, we reduce its 3072-dimensional
representation to 1024 dimensions using parameter-
free block-wise summation, denoted as Eg.poy-
This simple transformation matches the dimension-
ality of the two teacher representations without
introducing an additional learnable projection layer.
The resulting 2048-dimensional dual-teacher fu-
sion vector is formulated as:

E; = Norm (Norm(Eqwen) I Norm(quhou)>.

For the student model, we adopt Qwen3-
Embedding-0.6B (Figure 2(a)) as the initialization
backbone, which produces a 1024-dimensional out-
put. To align the student representations with the
2048-dimensional fused teacher features, as shown
in Figure 2(b), we replace the default last-token
pooling with mean pooling and introduce a ran-
domly initialized linear projection layer to project
the student features to 2048 dimensions. Follow-
ing {2 normalization to obtain the student vector
E, the learning objective is defined as the cosine
distance between E and Fy:

Ecosine =1- Es ' Et' (2)

25768



Algorithm 1 Target Sequence Length Calculation

Algorithm 2 Compression Ratio Sampling

Input: Input length L;,, length threshold L, tar-
get compression ratio p
Output: Target sequence length L;g;

1: if L;, < Ly, then

2: Lig¢ < L > No compression below the
threshold

3: else

4: Ligt < Lip + (Lin — L) X p

5: end if

6: return L,y

2.3 Elastic Token Compression

Our framework introduces a lightweight compres-
sion module immediately following the embedding
layer, designed to provide inference-time elastic-
ity (Figure 2(c)). Specifically, the token embed-
dings first undergo a token-wise feature transfor-
mation via a randomly initialized SwiGLU net-
work (Shazeer, 2020) (i.e., Qwen3MLP), which
preserves the sequence length and hidden di-
mension before spatial reduction. The mod-
ule then leverages 1D adaptive average pooling
(AdaptiveAvgPoolld) to deterministically scale
the sequence to a target length L;y;. Furthermore,
we employ a threshold-based scaling strategy (Al-
gorithm 1) to prevent the destructive truncation of
short queries. Given a length threshold L;; and a
target compression ratio p, proportional compres-
sion is applied exclusively to sequences exceed-
ing this threshold (L;, > L), thereby balancing
computational efficiency with fine-grained context
preservation.

During the training phase, our objective shifts
to constructing a continuous and robust elastic rep-
resentational space. We implement a two-stage
progressive curriculum to achieve this goal. In the
initial stage, the model adapts to a fixed baseline
compression ratio (r = p), guided solely by the co-
sine similarity loss Lsine- Once this foundational
alignment is established, the training advances to
a dynamic generalization stage. Here, the com-
pression ratio r is no longer static but is dynam-
ically sampled from predefined intervals within
each batch (Algorithm 2). This stochastic sam-
pling forces the model to learn resilient feature
mappings under constantly varying compression
bounds. To guarantee that the compressed student
representation faithfully maintains the original rel-
ative semantic topology of the teacher models, we

Input: Baseline compression ratio p
Output: Sampled compression ratio r
p < Uniform(0, 1)
if p < 0.2 then
r < Uniform(0.1, p)
else if p < 0.6 then
T p
else if p < 0.8 then
r < Uniform(p, 2p)
else
r <— Uniform(2p, 1.0)
end if
: return r

D AR A > e

—_ =
—_ O

introduce a Pairwise Similarity Loss:

[fsz'milarity = MSE(ESE;F7 EtEtT) 3)

The final joint optimization objective for this
dynamic stage integrates both constraints using bal-
ancing weights \; and Ao:

£s3 = )\lﬁcosine + )\2£similarity (4)

2.4 Regularized Adaptation for Retrieval

The final stage shifts focus to fine-grained down-
stream task adaptation, specifically targeting asym-
metric dense retrieval. Because precise matching
is highly sensitive to the token-level signal dilution
inherent in feature pooling, we continue to em-
ploy the dynamic compression sampling strategy
during this phase. Exposing the model to varying
compression ratios within each batch forces the
retrieval-oriented representations to remain robust
across the entire elastic spectrum. To prevent catas-
trophic forgetting of the foundational knowledge
while specializing this space, we adopt a regular-
ized fine-tuning approach.

Alongside the task-specific loss L%, We retain
the cosine similarity loss L osine as a “semantic
anchor” to stabilize the elastic structure. Addition-
ally, a soft KL divergence loss Ly, ; is introduced
to align the student’s output distribution with the
teachers’ discriminative nuances. The joint opti-
mization objective is formulated as:

£s4 = )\lﬁcosine + )\3£soft + ﬁtask: (5)

We focus on task adaptation for retrieval via
contrastive learning, instantiate L, using the In-
foNCE loss (van den Oord et al., 2018) (L), aug-
mented by in-batch and mined hard negatives. This
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multi-objective mechanism significantly enhances
retrieval discriminability under flexible sequence
scaling while effectively preserving the broad se-
mantic knowledge established in previous stages.

3 Experiments

3.1 Experimental Setup

Our training pipeline comprises four progressive
stages, as illustrated in Figure 3. During the first
three distillation stages, we utilize a 12-million
bilingual corpus, strictly balanced at a 1:1 ratio be-
tween English and Chinese, followed by 2.5 million
fine-tuning instances in the final stage to elicit spe-
cialized retrieval capabilities. We set the maximum
input sequence length to 1,030 tokens throughout
training and all downstream effectiveness evalu-
ations. Detailed dataset compositions and com-
prehensive hyperparameter settings are provided
in Appendix B and Appendix C. For elastic to-
ken compression, we empirically set the length
threshold Ly, to 80 and the baseline compression
ratio ppese to 0.33. Under this configuration, in-
puts no longer than the threshold remain uncom-
pressed, while inputs exceeding the threshold are
reduced according to the specified compression ra-
tio. Applying these configurations, we train our
final model, Jasper-Token-Compression-600M.

3.2 Main Results

To evaluate our model, we conduct comprehen-
sive evaluations on MTEB (English) and C-MTEB
(Chinese) across varying compression ratios p €
{0.5,0.33,0.2,0.1}. We primarily report MTEB
results here (Table 1); full bilingual results are de-
tailed in Appendix D.

At p = 0.50, Jasper-TC-600M achieves a
Mean(Task) score of 74.75 on English MTEB,
improving upon its initialization model, Qwen3-
Embedding-0.6B, by 4.28 points at the same back-
bone scale. It also slightly outperforms the substan-
tially larger Qwen3-Embedding-4B model, which
obtains 74.61, demonstrating that the proposed
framework produces a strong embedding model
without increasing the backbone size.

More importantly, Jasper-TC-600M maintains
stable performance across its inference-time com-
pression ratios. Reducing p from 0.50 to 0.10 de-
creases the Mean(Task) score by only 0.53 points,
from 74.75 to 74.22. This result demonstrates that
ETC provides multiple sequence-length operating
points within a single model while preserving most

of its representation quality. The respective contri-
butions of representation learning and compression
adaptation are further examined through the stage-
wise analysis in Section 4.3.

3.3 Inference Performance & Efficiency

To quantify the efficiency gains of ETC, we sys-
tematically evaluate encoding latency across vari-
ous input lengths on RTX 4090 GPUs, as reported
in Table 2. ETC provides increasingly substan-
tial efficiency gains as the measured input length
increases. At input lengths of 1,024 and 2,048 to-
kens, latency is reduced from the baseline’s 24.24
ms and 49.99 ms to a minimum of 4.48 ms and
6.95 ms, respectively. This acceleration is facili-
tated by the dense matrix operations used in ETC,
which are well suited to hardware parallelization.
All downstream effectiveness results follow the
maximum-length setting of 1,030 tokens, while la-
tency measurements at additional input lengths are
reported to characterize computational scaling.

4 Ablation Study & Analysis

To manage computational costs, Sections 4.1-4.4
employ a scaled-down setting (1 epoch) on a
streamlined MTEB subset (23 tasks), which ef-
ficiently reveals consistent relative performance
trends. Conversely, Section 4.5 utilizes the full
training configuration on the complete benchmark
to ensure direct comparability with main results.

4.1 Ablation on Heterogeneous Multi-Teacher
Distillation

To evaluate the effect of capability complementar-
ity, we construct a single-teacher baseline super-
vised only by Qwen3-Embedding-8B while retain-
ing the same student architecture, training data,
and optimization budget. This controlled com-
parison examines whether incorporating an addi-
tional teacher with complementary strengths pro-
vides a more effective distillation target than Qwen-
only supervision. As shown in Table 3, heteroge-
neous teacher fusion improves the MTEB-subset
Mean(Task) score from 68.91 to 70.11. In par-
ticular, the heterogeneous configuration improves
Classification, Clustering, Pair Classification, Re-
trieval, STS, and Summarization, while the Qwen-
only baseline remains slightly stronger on Rerank-
ing. These results support the empirical benefit of
capability complementarity under our training set-
ting: the additional teacher improves several task
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Fixed Compression Adaptation
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Multi-Teacher Distillation
Context: Fixed Elasticity

(Lep, = 80,p = 0.33)
Scale: 2 epochs
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Stage 3
Dynamic Sampling Generalization

Stage 4
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Figure 3: Overview of the four-stage CAPD training pipeline.

Model Params Dim. M.Task M.Type Clas. Clus. Pair. Rank. Retr. STS Sum.
QZhou-Embedding 7B 3584 7597 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 9043 5857 87.52 5156 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 8458 54.05 8437 48.18 61.83 86.57 3343
Jasper-TC-600M (p = 0.50) 595M 2048  74.75 68.46 9035 59.44 90.15 50.60 66.19 88.79 33.66
Jasper-TC-600M (p = 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 (p = 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 (p = 0.10)  595M 2048  74.22 67.93  90.27 5880 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 (p = 0.50). Best scores across all models are bolded.

categories without requiring separate task-specific
student models.

4.2 Ablation on Token Compression Module

To evaluate ETC under a controlled setting, we
compare it with Hard Truncation, Token Prun-
ing, Token Merging (ToMe), and Learnable
ConvlD at p = 0.33. All variants are initialized
from the same Stage-1 checkpoint and adapted
using the same one-epoch Stage-2 training bud-
get. All variants retain the same preceding MLP
and replace only the sequence-reduction operator.
Hard Truncation, ¢3-norm-based Token Pruning,
and similarity-based Token Merging are parameter-
free operators, whereas Conv1D introduces newly
initialized trainable parameters. For all variants,
the shared backbone, projection layer, and MLP
are updated end-to-end during adaptation.

As shown in Table 3, our MLP-
AdaptiveAvgPool configuration achieves 66.28
Mean(Task), compared with 51.62 for Hard Trun-
cation, 55.38 for Token Pruning, 54.55 for Token
Merging, and 46.90 for Learnable Conv1D. The
differences are particularly evident on Retrieval,
where ETC obtains 49.58, while the alternative
operators range from 10.21 to 29.78. These results
demonstrate the effectiveness of ETC under the
matched one-epoch adaptation setting, but do not
establish the performance ceiling of the alternative

4~ Skip Stage 2 (1-3)
Skip Stage 1 (2—3)
=~ Stop at Stage 2 (1-2)
—®— Full Pipeline (1—2—3)

60 o

MTEB Mean(Task)

1.0 0.7 0.5 0.33 0.2 0.1
Inference Compression Ratio p

Figure 4: Ablation study of the progressive distillation
pipeline across varying compression ratios.

operators under longer or individually optimized
training schedules. In a separately conducted
operator-level latency benchmark, ETC requires
22.57 ms at an input length of 4096, compared
with 22.83 ms for Hard Truncation and 55.25 ms
for Token Merging. Complete results from this
separate benchmark are provided in Appendix F.

4.3 Ablation on Progressive Distillation
Pipeline

Figure 4 compares the complete progressive
pipeline with variants that stop after Stage 2 or
bypass individual adaptation stages. Compared
with stopping at fixed-ratio training, the complete
pipeline maintains a more stable performance pro-

25771



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 2424 49.99
Jasper-TC-600M (p = 0.50) 74.75 2.62 3.96 7.39 13.11 25.07
Jasper-TC-600M (p = 0.33) 74.71 252 3.52 541 9.38 17.52
Jasper-TC-600M (p = 0.20) 74.58 2.38 291 4.00 6.56 11.48
Jasper-TC-600M (p = 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 p. 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 6891 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 7431 2640 2254 7857 1145 51.62 47.35
Token Pruning 2048 80.19 4398 74.83 26.59 29.78 78.53 29.39 5538 51.90
Token Merging 2048 80.23 4371 75.06 27.18 26.84 7840 28.51 5455 51.42
Learnable Conv1D 2048 7270 4036 71.74 2280 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 Adaptation (Full MTEB)

w/o Retrieval Adaptation 2048 90.49 59.71 90.08 50.84 6553 88.73 3328 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 p = 0.33), and the progressive training
pipeline. The Jasper-TC-600M (Stagel-4) denotes our final model equipped with heterogeneous dual-teachers, the
MLP+AvgPool elastic module, and the complete 4-stage pipeline.

file across inference compression ratios, suggesting
that dynamic-ratio training improves robustness to
varying sequence budgets. Skipping Stage 2 pro-
duces more pronounced degradation under aggres-
sive compression, supporting the use of fixed-ratio
adaptation before dynamic compression training.

The controlled stage-wise results in Appendix F
further clarify the respective roles of distillation
and compression adaptation. Stage 1 establishes a
strong uncompressed representation space with an
MTEB Mean(Task) score of 74.73. At p = 0.33,
fixed-compression training in Stage 2 achieves
74.34, while subsequent dynamic-ratio training
in Stage 3 improves the score to 74.67. The fi-
nal difference of only 0.06 points relative to the
uncompressed Stage 1 indicates that ETC primar-
ily preserves the representation quality established
through distillation while enabling elastic sequence
reduction.

We additionally evaluate a Skip Stage 1 variant
that directly performs the same two-epoch compres-

sion training at p = 0.33. Its Mean(Task) score
decreases to 56.36, below the initialization base-
line of 70.47, while Retrieval drops from 61.83 to
28.15. Under our training setting, this substantial
degradation suggests that simultaneously learning
multi-teacher representation alignment and lossy
sequence compression creates considerable opti-
mization difficulty. Together, these results support
separating initial representation alignment from
subsequent compression adaptation; complete re-
sults are reported in Appendix F.

4.4 Parameter Sensitivity Analysis

We evaluate the sensitivity of L;; and p under a
Stage 2 controlled setting (Figure 5). As shown
in the top panel (L, = 80), reducing p from 1.0
to 0.33 halves encoding latency with only grace-
ful MTEB degradation, though extreme compres-
sion (p = 0.1) triggers a sharp performance drop.
Conversely, fixing p = 0.33 (bottom panel) re-
veals that L, = 1 destructively dilutes short
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Figure 5: Parameter sensitivity analysis. (a) Impact of
the compression ratio p (L, = 80). (b) Impact of the
length threshold L, (p = 0.33).

queries, whereas Ly, = 80 sharply recovers per-
formance with a negligible latency penalty; further
relaxation (e.g., 256) inflates latency for marginal
gains. These results support our configuration
(p = 0.33,L;, = 80) as an effective trade-off
that reduces sequence-length-dependent computa-
tional overhead within the evaluated setting while
safeguarding short-query semantics.

4.5 Ablation of Retrieval Adaptation

To validate the contrastive fine-tuning phase (Stage
4) for asymmetric dense retrieval, we ablate this
stage as reported in Table 3. Following the tar-
geted task adaptation in Stage 4, Retrieval perfor-
mance improves notably (from 65.53 to 66.19).
Crucially, while performance on other symmetric
benchmarks changes only marginally, the improve-
ment is concentrated in Retrieval, consistent with
the targeted objective of Stage 4. This result sug-
gests that Stage 4 improves retrieval-oriented rep-
resentations without substantially degrading the
broader semantic space.

5 Qualitative Analysis

To intuitively demonstrate our elastic compression,
we analyze a retrieval sample where the core evi-
dence resides at the extreme tail. As Figure 6 illus-
trates, while standard Hard Truncation physically
discards this segment causing complete retrieval
failure, our ETC module maintains robust query
alignment. The token-level heatmap reveals that

Figure 6: Token-level similarity heatmap (vertical axis:
compressed document tokens; horizontal axis: query
tokens). It illustrates how ETC’s semantic distillation
preserves core tail evidence beyond the hard truncation
point (red dashed line).

ETC implicitly preserves high activation signals
(dark blue clusters) for core anchor tokens beyond
the truncation point. This confirms that our archi-
tecture avoids mechanical sequence loss, perform-
ing a global semantic distillation to successfully
retain indispensable context. For an extended qual-
itative analysis across other challenging scenarios,
please refer to Appendix G.

6 Related Work

6.1 Text Embeddings and Knowledge
Distillation

Text embedding research has progressed from
sentence-level representation learning with mod-
els such as SBERT (Reimers and Gurevych, 2019),
through weakly supervised contrastive pre-training
exemplified by ES (Wang et al., 2022), to recent
LLM-based embedding models including Qwen3
(Zhang et al., 2025b), QZhou (Yu et al., 2025a), and
KalLM (Zhao et al., 2026). Knowledge distillation
has been widely used to obtain compact language
encoders, including TinyBERT (Jiao et al., 2020),
MobileBERT (Sun et al., 2020), and MiniLM
(Wang et al., 2020). Gecko further combines LLM-
generated data and relabeling to distill versatile
text embeddings (Lee et al., 2024). Multi-teacher
distillation has also been studied as a means of com-
bining complementary representation spaces (For-
mont et al., 2025). In contrast to these approaches,
CAPD couples heterogeneous teacher supervision
with a progressive curriculum that first establishes
the student representation space and then adapts it
to fixed and dynamic sequence compression.
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6.2 Efficient Inference and Token
Compression

The quadratic complexity of Transformer self-
attention motivates both hardware-aware atten-
tion kernels such as FlashAttention (Dao et al.,
2022) and alternative linear-time architectures such
as Mamba (Gu and Dao, 2024). Within stan-
dard Transformer encoders, POWER-BERT pro-
gressively eliminates word vectors (Goyal et al.,
2020), Funnel-Transformer compresses intermedi-
ate hidden sequences (Dai et al., 2020), and Focus
on the Core combines token pruning and compres-
sion (Yun et al., 2023). Token merging methods
such as ToMe combine similar token representa-
tions to reduce sequence length (Bolya et al., 2023).
ETC differs in targeting text embedding inference
with a user-selected compression ratio and a shared
model that exposes multiple latency—quality oper-
ating points without retraining.

7 Conclusion

We present Jasper-Flash, a resource-efficient
framework that addresses computational redun-
dancy in text embedding models via Elastic
Token Compression. Our lightweight MLP-
AvgPool module enables elastic sequence scaling
while maintaining semantic integrity. We propose
a Compression-Adaptive Progressive Distilla-
tion (CAPD) paradigm that couples multi-stage
sampling with heterogeneous teacher fusion to
construct a robust, compression-adaptive seman-
tic space. Results demonstrate that our 0.6B-
parameter model, Jasper-Token-Compression-
600M, delivers highly competitive bilingual per-
formance, substantially outperforming its initializa-
tion baseline on the MTEB and C-MTEB bench-
marks. The framework significantly reduces infer-
ence latency, particularly when processing variable-
length sequences, offering a scalable solution for
high-performance representation learning under
strict resource constraints.

Limitations

Retrieval Performance Trade-offs. A perfor-
mance gap in dense retrieval persists between
our 0.6B student and the 8B retrieval-specialized
teacher. We attribute this gap to three main fac-
tors: (1) although heterogeneous teacher fusion
exploits capability complementarity, our current
equal-weight construction cannot adapt the con-
tribution of each teacher to individual inputs or

downstream tasks and may therefore underempha-
size the retrieval-specialized teacher in some cases;
(2) the 0.6B student has substantially lower rep-
resentational capacity than the 7B and 8B teach-
ers, limiting its ability to reproduce all of their
task-specific knowledge; and (3) while the average-
pooling compression module efficiently preserves
global semantic information, it may smooth over
fine-grained entity-level signals required for exact-
match asymmetric retrieval.

Granularity of Token Compression. While
our MLP-AvgPool compression module achieves
sequence-level elasticity through dynamic se-
quence reduction and length thresholds, the pooling
mechanism itself applies uniformly across the re-
tained sequence. It does not yet perform selective,
token-level semantic routing (e.g., dynamically pre-
serving rare keywords while aggressively dropping
stop-words). This uniform spatial reduction repre-
sents a theoretical ceiling for information retention
under extreme compression bounds.

Context Length Scope. We set the maximum
input sequence length to 1,030 tokens throughout
training and all downstream effectiveness evalua-
tions. Although the latency analysis additionally
considers other input lengths to characterize the
computational scaling behavior of ETC, our empir-
ical conclusions regarding representation quality
are based on and limited to the 1,030-token evalua-
tion setting.

Potential Data Contamination. Given the use
of large-scale Internet data, unintended overlap be-
tween our training corpus and downstream evalua-
tion datasets cannot be fully ruled out.

Future work will explore more selective and
context-adaptive compression mechanisms to bet-
ter preserve fine-grained token-level information
under aggressive compression.
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A Equal-Weight Aggregation of Teacher
Similarities

Lemma 1 (Equal-Weight Cosine Similarity Ag-

gregation). Let u; and v; be the independently

la-normalized representations produced by the i-

th teacher for two inputs, where i € {1,...,n}.
Thus,

luill2 = [[vill2 = 1.

Define the globally normalized concatenated repre-
sentations as

U = Norm(uy || -+ || un),
V = Norm(vy || - || vp).
Then their cosine similarity satisfies

n

1

. P Z" i‘ 6
U-v n;(u v;) (6)
Proof. Let U = uy |]---|]unand1~/:v1 (IRl

vy, denote the unnormalized concatenated represen-
tations. Because every component is independently
normalized, their squared norms are

_ n
1013 = lluill = n,
i=1

_ n
IVIE = _llvil3 = n.
i=1

Consequently,

U Vv
U=—, V=—.
vn vn
The dot product of the normalized concatenated
representations is therefore

1~ ~
U-V:E(U-V)
1 n
=1

Since U, V, u;, and v; are all {5-normalized, the
corresponding dot products are cosine similarities.
Hence, the cosine similarity in the fused representa-
tion space is the arithmetic mean of the cosine sim-
ilarities produced by the individual teachers.  [J

B Training Detail

Regarding implementation details, the core train-
ing is executed on 4 RTX 4090 GPUs, utilizing

the Adam optimizer (Kingma and Ba, 2014) and
FlashAttention-2 (Dao, 2024). To ensure the full re-
producibility of our experiments, we detail the com-
prehensive hyperparameter configurations utilized
across the four-stage progressive training pipeline
in Table 4.

C Dataset Construction and Mining
Methodology

This research employs a dual-stage training frame-
work designed to systematically enhance the bilin-
gual representation capabilities of our text embed-
ding model.

C.1 Stage 1: Knowledge Distillation

The objective of this stage is to establish a ro-
bust general semantic space by extracting features
from large-scale heterogeneous corpora. We in-
tegrated approximately 12 million training pairs,
comprising queries (q), short sentences (s), and
long passages (p), with a strict 1:1 ratio between
English and Chinese data. Mining is conducted
via two strategies: (1) Active Ratio Strategy,
which extracts queries from public SFT and QA
datasets while matching corresponding s and p
from pre-training corpora to ensure balanced do-
main distribution; and (2) Heuristic Rule Extrac-
tion, which utilizes predefined patterns (e.g., inter-
rogative structures, instruction verbs) to automat-
ically identify potential query contexts from mas-
sive unsupervised corpora such as WuDao (Yuan
et al., 2021). Data cleaning follows the principle
of "preserving original diversity," removing only
obvious formatting noise to maximize feature gen-
eralization.

C.2 Stage 2: Supervised Fine-tuning (SFT)

Following the distillation phase, the model is re-
fined using approximately 2.5 million high-quality
supervised samples processed via the Kal.M
framework (Zhao et al., 2026). This stage focuses
on enhancing the model’s discriminative power for
fine-grained semantic boundaries. All tasks are
reformulated into a unified retrieval format with
task-specific instructions. Two core techniques
are applied: (1) Ranking Consistency Filtering,
which validates query-positive alignment by check-
ing similarity rankings and discarding false neg-
atives; and (2) KaLLM Hard Negative Mining,
which manually selects documents ranked between
50 and 100 in the initial retrieval pool as hard neg-
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Category Hyperparameter Stage 1 Stage 2 Stage 3 Stage 4
Training Training Duration 2 epochs 2epochs 800steps 5,000 steps
Optimizer Adam Adam Adam Adam
Learning Rate le-4 7e-5 Te-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 (L) - 80 80 80
Baseline Ratio (p) - 0.33 0.33 0.33
Actual Mode - Fixed Dynamic Dynamic
Loss & Task  Cosine Weight (A1) 10 10 10 10
Similarity Weight (A\2) - - 100 -
KL Weight (A3) - - - 16
Hard Negatives (K) - - - 3
Temp. (7 / «) - - - 0.3/0.1

Table 4: Comprehensive summary of hyperparameters across the four training stages. A1, A2, and A3 denote the
balancing weights for cosine similarity, pairwise similarity, and KL divergence losses, respectively, as defined in the

methodology.

atives. This forces the model to learn more pre-
cise decision boundaries compared to random neg-
ative sampling. For datasets that appear in both our
training mixture and downstream evaluation bench-
marks (e.g., MS MARCO, NQ, and T2Ranking),
we strictly utilize their official training splits for
supervised fine-tuning.

D Full Results

In this section, we expand upon the main experi-
ments by providing a more exhaustive evaluation.
Specifically, Table 7 presents a comprehensive com-
parative analysis of our model across varying com-
pression ratios against baseline models on both
the MTEB and C-MTEB benchmarks. Tables 8
and 9 extend this comparison to a broader range of
baseline models, while Tables 10 and 11 provide
dataset-level performance breakdowns across the
constituent task categories.

E Details of the MTEB Subset

Evaluation Settings: To manage computational
costs, the ablations in Sections 4.1-4.4 employ
a scaled-down setting (1 epoch) evaluated on a
streamlined MTEB subset (23 datasets, detailed in
Appendix E), which efficiently reveals consistent
relative performance trends. Conversely, Section
4.5 utilizes the full training configuration (2 epochs)
on the complete benchmark to ensure direct com-
parability with our main results.

F Ablation Details and Additional Results

Compression-operator implementations. All
compression-operator ablations start from the same
Stage 1 checkpoint and use the same one-epoch
Stage 2 adaptation budget. All variants retain
the same preceding MLP and replace only the
sequence-reduction operator. Hard Truncation
keeps the prefix up to the target length. Token Prun-
ing ranks token representations by their /2 norms,
retains the highest-scoring tokens up to the target
length, and restores their original order. Token
Merging (ToMe) computes similarity scores be-
tween adjacent token representations, selects pairs
according to the reduction budget, and averages
the selected pairs. These pruning and merging vari-
ants are controlled operator-level implementations
rather than reproductions of a specific published
system. Learnable Conv1D replaces the parameter-
free reduction operator with a randomly initialized
trainable one-dimensional convolution. All train-
able components follow the same optimization set-
ting across variants.

Operator-level latency. Table 13 reports a sepa-
rately conducted operator-level latency benchmark
on an RTX 4090 with a batch size of 32. Because
this benchmark uses a controlled operator-ablation
setup, its absolute latency values should not be di-
rectly compared with those reported in the main
end-to-end experiments.

Additional progressive-training results. Ta-
ble 14 reports full-MTEB results from a con-
trolled run using the same training configuration.
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Table 5: Summary of Knowledge Distillation Datasets (approx. 12M pairs)

Source Dataset Format Language
The Pile (Gao et al., 2020) S, p English
FineWeb / FineWeb-Edu (Penedo et al., 2024) S, p English
IndustryCorpus?2 (Shi et al., 2024a) S, p Multilingual
FineWeb-Edu-Chinese (Yu et al., 2025b) S, p Chinese
Sentence-transformers Training Data (Sentence Transformers, 2021) q English
BGE-M3-Data (Chen et al., 2024) q Multilingual
Industry Instruction (Shi et al., 2024b) q English
Infinity-Instruct (Li et al., 2025) q English
Smoltalk (Ben Allal et al., 2025) q English
Smoltalk-Chinese (Yu et al., 2025b) q Chinese
MNBVC (MOP-LIWU Community and MNBVC Team, 2023) q Chinese
WebQA (Li et al., 2016) q Chinese
WuDao Corpora (Queries) (Yuan et al., 2021) q Chinese

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

Table 6: Summary of Supervised Fine-tuning Datasets (approx. 2.5M pairs)

Source Dataset Format Language
MS MARCO (Bajaj 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
ELIS (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; Baidu DuReader Team, 2021)  s2p Chinese
mMARCO (zh) (Bonifacio et al., 2021) s2p Chinese
Multi-CPR (Ecom/Medical/Video) (Long et al., 2022) s2p Chinese
S20RC (Lo et al., 2020) s2p English
CMedQA-V2.0 (Zhang et al., 2018) s2p Chinese
Amazon QA / Amazon Reviews (Gupta et al., 2019; Hou et al., 2026) s2p English
CodeFeedback (Zheng et al., 2024) s2p English
StackExchange DupQuestions (Hoogeveen et al., 2015) s2s English
MetaMathQA (Yu et al., 2024) s2p English

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

Stage 1 reaches a Mean(Task) score of 74.73 with-
out compression, while Stage 3 retains 74.67 at
p = 0.33. Directly combining teacher alignment
and sequence compression without Stage 1 reduces
Mean(Task) to 56.36 and Retrieval to 28.15, com-
pared with 70.47 and 61.83 for the initialization
baseline. These results support the optimization
benefit of the progressive curriculum under our ex-
perimental setting.

G Extended Qualitative Analysis

To provide a comprehensive view of our ETC mod-
ule and mitigate potential cherry-picking bias in
our experimental evaluations, we present an ex-
tended qualitative analysis across a total of five
diverse and challenging retrieval scenarios: (1) Ex-
treme Tail, (2) Lost in the Middle, (3) Scattered
Evidence, (4) Dense Distraction, and (5) Temporal

Update. Table 15 details the original queries and
the highly compressed document contexts for all
five cases. To visually demonstrate our model’s
alignment capabilities, the corresponding token-
level similarity heatmaps are distributed across the
paper: the heatmap for Case 1 is presented in the
main text (Figure 6), while the heatmaps for Cases
2 through 5 correspond to subfigures (a) through
(d) in Figure 7 of this appendix, respectively.

Within Table 15, the text highlighted in bold
corresponds to the core evidence tokens that exhib-
ited the highest activation scores against the query
tokens in our model’s compressed semantic space.
As illustrated in the accompanying heatmaps, the
red dashed line denotes the strict sequence-length
budget (i.e., the Hard Truncation Point). While
standard baselines are forced to mechanically dis-
card tokens beyond this boundary, our Jasper-TC-
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Model Params Dim. M.Task M.Type Clas. Clus. Pair. Rank. Retr. STS Sum.

MTEB (English)
QZhou-Embedding 7B 3584 7597 6952 8897 61.65 9243 5177 67.12 91.65 33.05
Qwen3-Embedding-8B 8B 4096 7523 6871 9043 5857 87.52 5156 69.44 88.58 34.83
Qwen3-Embedding-4B 4B 2560 7461  68.10 89.84 5751 87.01 50.76 6846 88.72 34.39
Qwen3-Embedding-0.6B 595M 1024 7047 6472 84.58 54.05 8437 48.18 61.83 86.57 3343

Jasper-TC-600M (p = 0.50)  595M 2048  74.75 68.46 90.35 5944 90.15 50.60 66.19 88.79 33.66
Jasper-TC-600M (p = 0.33) 595M 2048  74.71 68.43 9037 5933 90.15 50.60 66.17 88.71 33.66
Jasper-TC-600M (p = 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 (p = 0.10)  595M 2048  74.22 67.93  90.27 5880 90.15 50.59 64.76 88.77 32.16

C-MTEB (Chinese)
QZhou-Embedding-Zh 7B 1792  78.52 80.29 7857 81.76 9549 7237 80.24 73.33 -
QZhou-Embedding 7B 3584  76.99 78.58  79.99 7091 95.07 74.85 78.80 71.89 -
Qwen3-Embedding-8B 8B 4096  73.84 75.00 7697 80.08 8423 66.99 7821 63.53 -
Qwen3-Embedding-4B 4B 2560  72.27 73.51 7546 77.89 8334 66.05 77.03 61.26 -
Qwen3-Embedding-0.6B 595M 1024  66.33 6745 7140 6874 7642 62.58 71.03 54.52 -

Jasper-TC-600M (p = 0.50) 595M 2048  73.51 75.00 77772 77.45 8538 69.95 75.64 63.88 -
Jasper-TC-600M (p = 0.33) 595M 2048  73.51 75.03  77.64 77.69 8538 70.11 7548 63.88 -
Jasper-TC-600M (p = 0.20)  595M 2048  73.38 7492  77.60 7747 8538 70.06 75.16 63.88 -
Jasper-TC-600M (p = 0.10)  595M 2048  73.17 7476 7741 77.42 8538 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 (p = 0.50). Best scores
across all models within each respective benchmark are bolded. Note: C-MTEB does not include a Summarization
task, indicated by *-’.

600M model equipped with the ETC module elasti-
cally compresses the entire document context into
the exact same budget. The heatmaps reveal that
our model successfully preserves the highly acti-
vated core evidence (indicated by the prominent
dark blue clusters). This confirms that our frame-
work conducts robust, position-agnostic semantic
distillation during the retrieval process, success-
fully preserving indispensable evidence regardless
of its absolute physical position, lexical overlaps,
or temporal shifts in the original text.
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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 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
Ling-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
KaLLM-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
Seedl.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 MassivelntentClassification 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 CMedQAV?2 - reranking 88.59
Reranking T2Reranking 67.54
Reranking CMedQAuv1 - 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
ArguAna Argument Retrieval (Long Query/Doc) nDCG@10
SCIDOCS Scientific Literature Citation nDCG@10
Retrieval 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
Banking77Classification Customer Service Intent Detection Accuracy
Classification ImdbClassification Movie Reviews (Long Text Sentiment) Accuracy
AmazonCounterfactualClassification ~ Counterfactual Detection (Product Reviews) Accuracy
ToxicConversationsClassification Social Media Comment Moderation Accuracy
TwentyNewsgroupsClustering.v2 News Articles (Classic Benchmark) V-Measure
Clusterin ArXivHierarchicalClusteringP2P Paragraph-to-Paragraph Academic Texts V-Measure
g MedrxivClusteringP2P.v2 Medical Research Paragraphs V-Measure
StackExchangeClusteringP2P.v2 Technical Community QA Threads V-Measure
STSBenchmark Standard Semantic Textual Similarity Spearman corr.
SICK-R Entailment and Relatedness Spearman corr.
STS 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
. . . SprintDuplicateQuestions Community QA Duplicate Detection Cosine F1
Pair Classification 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.

Model / Operator Encoding Latency (ms) vs. Input Length
128 256 512 1024 2048 4096
Qwen3-Embedding-0.6B 136 305 7.35 1571 3280 71.98
Jasper-TC-600M (p = 0.33) 1.05 158 274 549 11.29 2257
Hard Truncation (p = 0.33) 1.07 160 276 556 1145 22383
Token Pruning (p = 0.33) 120 173 290 573 11.60 23.09
Token Merging (p = 0.33) 193 358 6.69 1349 2740 55.25
Learnable ConvlD (p = 0.33) 134 188 3.02 583 11.75 2322

Table 13: Encoding latency of different compression operators across input lengths. This operator-level benchmark
was conducted separately from the main latency evaluation on an RTX 4090 with a batch size of 32. All compression
variants use p = 0.33. The highlighted row denotes our ETC configuration, and the best latency at each input length

is shown in bold.
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Model / Training Phase Params Dim. M.Task M.Type Clas. Clus. Pair. Rank. Retr. STS Sum.
Initialization Baseline

Qwen3-Embedding-0.6B S595SM 1024 70.47 64.72 8458 54.05 8437 48.18 61.83 86.57 3343
Standard Progressive Training

Jasper-TC-600M (Stage 1, no compression)  595M 2048  74.73 68.51 9043 60.01 89.92 50.72 6573 88.63 34.14

Jasper-TC-600M (Stage 2, p = 0.50) 595SM 2048  74.05 67.80 90.34 58.18 89.82 5047 6471 88.66 32.45

Jasper-TC-600M (Stage 2, p = 0.33) S9SM 2048  74.34 68.05 90.37 59.64 89.82 5047 6470 88.64 32.73

Jasper-TC-600M (Stage 2, p = 0.20) S95SM 2048  73.69 67.79 9033 56.86 89.82 5047 64.08 88.69 34.25

Jasper-TC-600M (Stage 2, p = 0.10) 595SM 2048  73.56 67.54 90.30 5848 89.82 5047 62.82 88.30 32.58

Jasper-TC-600M (Stage 3, p = 0.50) S9SM 2048  74.46 68.18  90.55 5834 90.15 50.71 65.75 88.82 32.92

Jasper-TC-600M (Stage 3, p = 0.33) S9SM 2048  74.67 68.33  90.54 60.11 90.15 50.71 6524 88.78 32.82

Jasper-TC-600M (Stage 3, p = 0.20) S595SM 2048  74.48 68.44  90.50 5936 90.15 50.71 6492 88.78 34.63

Jasper-TC-600M (Stage 3, p = 0.10) S95SM 2048  74.08 67.95 9049 58.60 90.15 50.71 64.11 88.76 32.83
Progressive-Pipeline Ablation

Jasper-TC-600M (Skip Stage 1, p = 0.33) S95SM 2048  56.36 5392 7827 46.60 7649 43.83 28.15 76.17 27.90

Table 14: Full-MTEB results for the standard progressive training pipeline and the Skip Stage 1 ablation. Stage 1
is evaluated without compression, Stage 2 uses fixed compression ratios, and Stage 3 is trained with dynamic
compression-ratio sampling and evaluated at the indicated ratio. The gray row denotes the representative compressed
configuration (p = 0.33). Best scores across the reported standard training stages are shown in bold. M.Task and
M.Type denote Mean(Task) and Mean(TaskType), respectively. These results come from a controlled supplementary
run using the same training configuration and are reported as a pipeline analysis rather than as intermediate
checkpoints of the main experimental run.
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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 staft 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 15: 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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