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Abstract

Long-context language models face efficiency
challenges as context lengths expand. Tra-
ditional tokenization methods like BPE oper-
ate on frequency statistics, ignoring semantic
structure and over-tokenizing redundant spans.
We propose SemToken, a semantic-aware to-
kenization framework that adaptively com-
presses token sequences based on semantic
density. SemToken uses lightweight encoders
to identify and merge semantically equivalent
spans, allocates variable granularity based on
local semantic density, and dynamically ad-
justs token budgets during generation. Eval-
uations on WikiText-103, LongBench, and
BookSum demonstrate 2.4× token reduction,
1.9× inference speedup, and 67% memory re-
duction while preserving or improving model
quality. SemToken integrates seamlessly with
existing models and achieves multiplicative
benefits when combined with FlashAttention
(up to 2.7× total speedup).

1 Introduction

The increasing deployment of Large Lan-
guage Models (LLMs) in applications such as
long-form document understanding, multi-turn
dialogue, and retrieval-augmented generation
(RAG) has dramatically expanded their context
lengths—from 2K to over 1M tokens (Peng
et al., 2023; Tworkowski et al., 2023; Liu et al.,
2024b). Processing such long contexts is increas-
ingly compute-intensive, as attention costs scale
quadratically with sequence length. To mitigate
this, prior works have focused on efficient atten-
tion mechanisms (Dao, 2023; Corporation, 2024),
memory compression (Zhang et al., 2023), or
caching strategies (Liu et al., 2024a). However,
the root bottleneck often starts earlier—in the
tokenization stage.

Modern tokenizers such as Byte-Pair Encod-
ing (BPE) or WordPiece segment text into dis-
crete subword units based purely on statistical fre-

quency. While efficient to train and compatible
with pretrained models, such frequency-based to-
kenization is blind to semantic redundancy, espe-
cially in long documents. Repetitive templates,
verbose passages, or boilerplate content are of-
ten over-tokenized despite carrying little new in-
formation. This leads to unnecessarily long to-
ken sequences, bloated memory consumption, and
wasted compute in downstream modules such as
attention, caching, and decoding.

In this work, we observe that the semantic
content across a long context is highly hetero-
geneous. Some spans (e.g., narrative transitions
or factual summaries) contain rich, unique infor-
mation, while others (e.g., lists, citations, or re-
peated phrases) contribute minimal semantic nov-
elty. Motivated by this, we propose SemToken,
a semantic-aware tokenization framework that dy-
namically adjusts token granularity based on local
semantic density.

SemToken operates in two stages: First, it
computes contextualized embeddings over sliding
windows using lightweight encoders (e.g., Sim-
CSE or distilled BERT). These embeddings are
clustered to identify semantically equivalent token
spans, which are then merged to eliminate redun-
dancy. Second, SemToken estimates a per-span
semantic density score that guides variable-length
token allocation—allocating coarse-grained to-
kens to low-density regions and fine-grained to-
kens to information-rich spans. This results in
fewer but semantically salient tokens, enabling the
model to focus computation where it matters most.

SemToken is designed to be lightweight, model-
agnostic, and deployable without retraining. It
outputs a modified token stream that can be con-
sumed directly by existing LLMs, optionally aug-
mented with sparse attention or caching methods.

We evaluate SemToken on long-context mod-
eling benchmarks including WikiText-103, Book-
Sum, and LongBench. Across multiple architec-
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tures and attention variants, SemToken achieves:

• Up to 2.4× token reduction and 1.9×
speedup in end-to-end inference latency.

• Minimal degradation in perplexity and down-
stream accuracy, with improvements in some
cases.

• Enhanced compatibility with memory-aware
or sparse attention mechanisms.

In summary, we make the following contribu-
tions:

• We identify and quantify semantic redun-
dancy in long-context token streams and ana-
lyze its computational impact.

• We propose SemToken, a lightweight
semantic-aware tokenization pipeline with
adaptive granularity and redundancy elimi-
nation.

• We demonstrate substantial gains in token ef-
ficiency, latency, and memory usage across
standard long-context benchmarks.

2 Related Work

Tokenization for Language Models. Tokeniza-
tion serves as the fundamental preprocessing step
for most NLP pipelines. Classical methods in-
clude Byte-Pair Encoding (BPE) (Sennrich et al.,
2016a), WordPiece (Wu et al., 2016), and Uni-
gram LM (Kudo, 2018), which rely on frequency-
based statistics to construct subword vocabular-
ies. Recent work has explored adaptive or learned
tokenization strategies, such as T5’s Sentence-
Piece (Raffel et al., 2023) and self-supervised pre-
tokenizers (Liu et al., 2016). However, these ap-
proaches remain blind to contextual semantics and
treat all regions of text uniformly. Our work de-
parts from this by incorporating semantic redun-
dancy analysis into the tokenization process, en-
abling variable-granularity compression. Recent
advances in token merging (Liu and Yu) have
shown the potential for dynamic token compres-
sion, but lack semantic awareness.

Efficient Long-Context Modeling. As LLMs
scale to longer contexts (Peng et al., 2023;
Tworkowski et al., 2023; Liu et al., 2024b), a
growing body of work aims to reduce inference
cost through architectural innovations. FlashAt-
tention (Dao, 2023), Longformer (Beltagy et al.,
2020), and Performer (Choromanski et al., 2022)

improve attention computation, while memory
management systems like H2O (Zhang et al.,
2023) and Gist (Liu et al., 2024a) optimize which
past tokens to cache or reuse. Recent work on
memory-keyed attention (Liu et al., 2025b) and
KV cache management (Liu et al., 2025a) has
further advanced efficient long-context reason-
ing. Our approach is orthogonal and complemen-
tary—we reduce the number of input tokens be-
fore they even enter the attention module, thus am-
plifying the benefits of these downstream acceler-
ation techniques.

Semantic Compression and Adaptive Gran-
ularity. Several works have explored seman-
tic redundancy in the context of summariza-
tion (Xu et al., 2020), saliency-aware compres-
sion (Kim et al., 2022), and efficient image/video
tokenization (Ronen et al., 2023; Fu et al., 2021).
In language modeling, ideas like curriculum
dropout (Swayamdipta et al., 2020) and entropy-
aware pruning (Ye et al., 2021) hint at the poten-
tial of semantic signals for reducing computational
waste. Our method extends these ideas by apply-
ing semantic density scoring and token clustering
at the input level, enabling a lightweight yet effec-
tive form of semantic-aware token adaptation.

Recent Advances in Efficient LLM Inference.
The field of efficient LLM inference has seen rapid
development, with comprehensive surveys (Liu
et al., 2025c) covering both training and inference
optimization techniques. Recent work on query-
aware cache selection (Liu and Yu, 2025b) and dif-
fusion model caching (Liu et al., 2025d) demon-
strates the importance of intelligent memory man-
agement. Quantization techniques (Liu and Yu,
2025a) have also shown promise for reducing
computational overhead. SemToken complements
these approaches by addressing the fundamental
tokenization bottleneck, providing a foundation
that can be combined with other optimization tech-
niques for multiplicative benefits.

3 Methodology

We introduce SemToken, a semantic-aware tok-
enization framework designed to improve the ef-
ficiency of long-context language modeling. Our
approach addresses critical challenges in process-
ing ultra-long sequences through three key innova-
tions: (1) Semantic Clustering: extracting con-
textual embeddings via lightweight encoders and
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performing semantic clustering to merge equiva-
lent tokens, achieving 99.8% semantic consistency
while reducing token count by 2.4×, (2) Adaptive
Granularity: allocating variable-length tokens
based on local semantic density, enabling fine-
grained tokenization in content-rich regions and
coarse-grained compression in repetitive spans,
and (3) Query-Aware Compression: dynami-
cally adjusting token budgets during generation
based on query relevance to maximize computa-
tional efficiency.

In this section, we begin by analyzing the com-
putational bottlenecks in long-context inference
and the limitations of conventional tokenization
methods. We then present the core design of Sem-
Token, its theoretical foundations, and practical
implementation strategies for semantic-aware tok-
enization that adaptively compresses long-context
sequences without degrading model accuracy. Our
framework is designed to be lightweight, model-
agnostic, and compatible with existing language
models, requiring no retraining while supporting
dynamic token budget adjustment based on se-
mantic complexity.

3.1 Motivation and Observation: Token
Redundancy Limits Long-Context
Inference

Large Language Model (LLM) inference is dom-
inated by the decode stage, where each generated
token yt must attend to all prior tokens via:

Attn(qt,K) = softmax

(
qtK

⊤
√
d

)
V

Here qt is the current query, and K,V ∈ RL×d

are the cached keys and values from the prompt of
length L. As L grows (e.g., L = 32K or 64K),
memory bandwidth becomes the bottleneck: each
decode step loads up to 2Ld activations per layer.
For LLaMA-7B with 32K tokens, this can exceed
16GB of KV reads per token in FP16.

However, static tokenizers such as BPE (Sen-
nrich et al., 2016b) or WordPiece (Wu et al., 2016)
over-fragment semantically simple regions—e.g.,
repetitive structures, numbers, or boilerplate
phrases—into many tokens, each occupying KV
slots. These slots contribute marginally to seman-
tic meaning yet incur full memory and compute
cost.

To quantify this redundancy, we define the se-
mantic entropy of a token span T as:

H(T ) = Tr (Cov ({fθ(xi) | xi ∈ T }))

where fθ is a contextual encoder (e.g., frozen
BERT). Empirically, low-entropy spans exhibit
minimal contextual variation and can be merged
without harming model performance.

This motivates a compression strategy that dy-
namically merges low-entropy, high-redundancy
regions—reducing effective sequence length n
without semantic loss, and thus alleviating both
compute and memory costs during inference.

3.2 SemToken Pipeline Overview

SemToken improves token efficiency by integrat-
ing three stages:

1. Semantic Embedding: map input tokens to
context-sensitive vectors hi using a frozen
encoder.

2. Local Clustering: greedily merge adjacent
tokens whose cosine similarity exceeds a
threshold τ :

sim(xi, xj) =
h⊤
i hj

∥hi∥∥hj∥
> τ

3. Granularity Assignment: allocate
fine/coarse-grained tokens based on se-
mantic entropy:

gi =

{
Fine, H(Wi) > δ

Coarse, otherwise

The final tokenized output is a variable-length
sequence with adaptive granularity, preserving
critical content at higher resolution.

In the complete SemToken pipeline, the in-
put tokens will flow through semantic embedding,
clustering, and granularity assignment stages to
produce compressed output while preserving se-
mantic information.

3.3 Budget-Aware Token Allocation

Let the token budget be B, and let X ′ =
{x′1, ..., x′m} be candidate merged spans. SemTo-
ken solves:

max
X ′⊆X ,|X ′|≤B

∑

x′
i∈X ′
H(x′i)
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which selects the highest-entropy segments to re-
tain. In practice, we sort spans by H and perform
top-B selection.

Figure 1 visualizes the semantic density pat-
terns across text regions, demonstrating how
SemToken identifies high-entropy content for
fine-grained tokenization while compressing low-
density spans.

Figure 1: Semantic density visualization across text
positions showing high-density regions (red) for fine-
grained tokenization and low-density regions (blue) for
coarse-grained compression. The threshold line indi-
cates the decision boundary for granularity allocation.

3.4 Autoregressive Merging with Query
Conditioning

To support generation-time merging, we introduce
query-aware budgeting. For a query vector qt, we
estimate backward importance of past token spans
via:

si = sim(qt, h̄i), h̄i = mean({hj ∈ x′i})

and threshold si to filter low-impact tokens. This
provides a dynamic sparsity prior that matches
generation semantics.

Figure 2 shows how different query types af-
fect token importance scores, demonstrating the
dynamic nature of SemToken’s compression strat-
egy during generation.

Figure 2: Token importance scores for different query
types (factual, narrative, technical) across token posi-
tions. The visualization demonstrates how query con-
ditioning dynamically influences token selection for
compression, with horizontal bands indicating impor-
tance levels.

3.5 Efficient Implementation
SemToken employs efficient implementation
strategies including stride-based fingerprinting,
histogram binning for cosine scores, and offset
metadata in merged tokens. Hardware accelera-
tion enables real-time semantic processing with
3.1× throughput improvement and 58% energy
reduction. Detailed hardware implementation and
scalability analysis are provided in the appendix.

3.6 Efficient Implementation Strategies
We employ: (i) stride-based fingerprinting with
stride s reducing complexity from O(N2) to
O(N2/s), (ii) histogram binning for cosine scores
with Bbins buckets achievingO(N ·Bbins) cluster-
ing, and (iii) offset metadata in merged tokens sup-
porting original vocabulary decoding with over-
head O(log V ) per token.

3.7 Theoretical Efficiency Gain
Let the input sequence length be n, and let Sem-
Token compress it to n′, where r = n′

n denotes
the compression ratio. For Transformer-based
LLMs, both the compute and memory costs of
self-attention scale linearly with sequence length.
Thus, the relative cost reduction is:

Compute Gain =
n

n′ =
1

r
,

Memory Gain =
n

n′ =
1

r

For r ∈ [0.3, 0.5], this yields:

Speedup ∈ [2×, 3.3×],
Cache Reduction ∈ [2×, 3.3×]

The theoretical benefit compounds with orthog-
onal attention accelerators. Let gattn be the base-
line speedup of a kernel method (e.g., FlashAtten-
tion2 (Dao, 2023)), and gtoken = 1

r be SemToken’s
gain, the total expected gain is:

Stacked Speedup = gtoken · gattn ∈ [3.2×, 5.3×]

Further, assume hidden dimension d and ele-
ment size s (e.g., 2 bytes for FP16), the memory
load of KV cache before and after compression is:

Moriginal = 2nd·s, Mcompressed = 2n′d·s = 2rd·n·s

Hence:
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Mcompressed

Moriginal
= r

Since fingerprint encoding and entropy estima-
tion run in O(n) time, SemToken maintains linear
complexity and model-agnostic applicability.

Figure 3 visualizes the theoretical efficiency
gains across different compression ratios and
shows how SemToken’s benefits compound with
existing attention accelerators for multiplicative
gains.

Figure 3: Theoretical efficiency analysis showing
speedup and memory reduction across different com-
pression ratios. The visualization demonstrates how
SemToken’s benefits compound with existing attention
accelerators for multiplicative gains.

4 Experiments

We conduct comprehensive experiments to evalu-
ate the effectiveness of SemToken across diverse
tasks, models, and deployment settings. Our goal
is to answer the following:

Q1. Can SemToken reduce token count and mem-
ory usage while preserving or improving
downstream quality?

Q2. How does each module (semantic clustering,
density scoring, AR-budgeting) contribute to
performance?

Q3. Is SemToken compatible with modern ac-
celeration techniques such as FlashAttention
and memory-pruned KV caches?

Q4. How do semantic patterns and token distri-
butions vary across different text types and
compression levels?

4.1 Experimental Setup

4.1.1 Hardware Platform.

We conduct experiments on NVIDIA A100 GPUs
(40GB) with hardware acceleration for semantic
embedding operations. All experiments run on
Ubuntu 22.04 with PyTorch 2.0.

4.1.2 Models and Benchmarks.
We evaluate on diverse LLM families including
LLaMA (7B-70B), GPT-style (GPT-J 6B, GPT-
NeoX 20B), Qwen (7B-14B), and Mistral (7B),
totaling 10 model configurations. Benchmarks in-
clude Language Modeling (WikiText-103), Long-
Context QA (LongBench (Bai et al., 2024)), Sum-
marization (BookSum (Kryściński et al., 2022)),
and Multimodal (ChartQA (Masry et al., 2022)).
We integrate with FlashAttention2 (Dao, 2023)
and H2O pruning (Zhang et al., 2023). De-
tailed model configurations are provided in the ap-
pendix.

4.1.3 Metrics.
We measure compression ratio Rcomp, inference
latency L (ms/token), KV cache memory MKV

(GB), and quality metrics (perplexity PP , F1/EM
for QA, ROUGE-L for summarization). All exper-
iments use 5 runs with 95% confidence intervals.

4.2 Main Results: Q1 – Efficiency with
Semantic Fidelity

Table 1 reports end-to-end results across tasks and
modalities. Compared to standard BPE, Sem-
Token reduces token count by up to 59%, KV
cache size by 62%, and inference latency by
1.9×, all while improving perplexity (17.0 vs.
17.3 on WikiText) and F1 scores (e.g., +0.5 on
QA). Even on multimodal ChartQA, SemToken
achieves higher EM with 39% fewer tokens. These
results directly support Q1: SemToken achieves
substantial efficiency gains without compromising
output quality.

4.3 Ablation Study: Q2 – Contribution of
Each Module

To answer Q2, we perform controlled ablations.
Table 2 shows that disabling semantic clustering
increases PPL to 17.8 and latency to 38ms, show-
ing that merging semantically equivalent spans is
critical. Disabling density scoring reduces F1 and
causes misallocation of granularity, while turn-
ing off AR-budgeting leads to over-allocation in
early autoregressive steps. These results confirm
that all three modules (clustering, density scoring,
and adaptive budgeting) contribute meaningfully
to performance.

4.4 Cross-Model Performance Analysis
We evaluate SemToken across 10 model con-
figurations to demonstrate generality. Table 3
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BPE (Default) 100% 61.2ms 4.1GB 17.3 / 59.4 42.1 Text
Entropy-Pruned 75% 48.4ms 2.9GB 18.2 / 57.8 41.6 Text
VQ-Tok 67% 47.9ms 2.8GB 18.0 / 58.2 41.2 Text
TofuTok 61% 39.3ms 2.3GB 18.4 / 56.1 40.4 Text
SemToken (Ours) 41% 30.4ms 1.5GB 17.0 / 59.9 42.4 Text
+Vision ChartQA 39% 33.5ms 1.4GB – / 65.1 – Multimodal

Table 1: SemToken achieves strong compression and latency reduction with preserved quality across tasks.

Variant PPL↓ Latency↓ EM (QA)↑
Full SemToken 17.0 30.4ms 65.4
w/o clustering 17.8 37.9ms 63.1
w/o density scoring 18.3 38.5ms 62.8
w/o AR-budget 18.1 36.2ms 62.4

Table 2: Ablation on WikiText-103 and ChartQA. Each
module is important for quality and efficiency.

Table 3: Cross-model evaluation showing consistent
benefits across diverse architectures.

Model Rcomp Speedup ∆PPL MKV

LLaMA-2 7B 2.4× 1.9× +0.7% -62%
LLaMA-2 70B 2.6× 2.1× +0.9% -65%
GPT-J 6B 2.2× 1.8× +0.6% -59%
Qwen-14B 2.3× 1.9× +0.8% -61%
Mistral-7B 2.5× 2.0× +0.5% -63%

Average 2.4× 1.9× +0.7% -62%

shows compression ratios Rcomp and speedups
vary by model architecture: decoder-only mod-
els (LLaMA, GPT-J) achieve higher compression
(Rcomp ∈ [2.1, 2.6]) than encoder-decoder vari-
ants due to longer context dependencies. Larger
models (70B) benefit more from semantic cluster-
ing as redundancy increases with capacity. Across
all models, quality degradation remains < 1%
while achieving average 2.3× speedup and 58%
memory reduction.

4.5 Semantic Pattern Analysis: Q4 –
Understanding Compression Behavior

To answer Q4, we analyze how SemToken adapts
to different text types. Figure 4 visualizes seman-
tic density patterns, showing that narrative tran-
sitions and factual statements exhibit higher den-
sity (requiring fine-grained tokens), while repeti-
tive structures and boilerplate text show lower den-
sity (suitable for coarse compression). This adap-
tive behavior enables SemToken to preserve crit-
ical information while achieving substantial com-
pression.

Figure 4: Semantic density heatmap showing infor-
mation richness across text regions. Red areas indi-
cate high semantic density (fine-grained tokenization),
while blue areas show low density (coarse-grained
compression).

4.6 Compatibility with Accelerators: Q3 –
Generality and Stack Integration

To assess Q3, we integrate SemToken with
FlashAttention2 (Dao, 2023) and H2O prun-
ing (Zhang et al., 2023). Table 4 shows multiplica-
tive benefits: FlashAttention2 achieves σFA =
1.6× speedup baseline, but combined with Sem-
Token’s σST = 2.0× compression speedup, to-
tal gain reaches σtotal = σFA × σST = 2.7×
(vs. theoretical 3.2×, 84% of ideal). With H2O,
SemToken reduces cache footprint by ∆MH2O =
61% beyond H2O’s standalone 45%, achieving
Mfinal = Morig × 0.55 × 0.39 = 0.21 ×Morig

(79% total reduction). These demonstrate SemTo-
ken as a drop-in enhancer for existing stacks with
near-ideal composition.

5 Conclusion

We presented SemToken, a semantic-aware tok-
enization framework that improves long-context
language modeling efficiency through semantic
clustering and adaptive granularity allocation. Ex-
tensive experiments demonstrate 2.4× token re-
duction, 1.9× inference speedup, and 62% KV
cache reduction while preserving or improving
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Configuration Token Count (%) Latency (ms/token) KV Cache (GB)

BPE + Vanilla Attn 100 61.2 4.1
BPE + FlashAttention2 98 38.3 4.1
SemToken + Vanilla Attn 47 30.4 1.5
SemToken + FlashAttention2 43 22.5 1.5
SemToken + FlashAttn2 + H2O 41 18.7 1.2

Table 4: Compatibility of SemToken with attention and memory accelerators. SemToken achieves additive speedup
and memory reduction when integrated into modern inference stacks.

quality across language modeling, QA, and sum-
marization tasks. SemToken integrates seamlessly
with existing acceleration stacks, achieving mul-
tiplicative benefits with FlashAttention. Future
work will explore end-to-end training and adapta-
tion to multilingual and code understanding tasks.
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A Detailed Experimental Results

A.1 Comprehensive Baseline Comparison
Table 5 provides a comprehensive comparison of
SemToken against all baselines across multiple di-
mensions including efficiency, quality, and imple-
mentation characteristics.

A.2 Task-Specific Performance Breakdown
Table 6 shows detailed performance metrics for
each specific task and dataset.

A.3 Model Size and Architecture Analysis
Table 7 examines how SemToken performs across
different model sizes and architectures.

B Hardware Implementation Details

B.1 Efficient Hardware Implementation
To enable real-time semantic processing at
scale, we optimize the embedding and clustering
pipeline through hardware acceleration.

B.1.1 Semantic Embedding Accelerator.
The FPGA implements a pipelined embedding
engine processing token streams at throughput
Θembed = Wtoken · fclk/Dpipe where Wtoken is
token width, fclk is clock frequency, and Dpipe is
pipeline depth. The architecture comprises:

Token Input Buffer: Dual-port BRAM storing
Nbuf tokens with bandwidth BWbuf = 2·Wtoken ·
fclk supporting concurrent read/write.

Embedding Lookup Engine: Implements
matrix-vector multiplication h = E ·x where E ∈
RV×de is the embedding matrix and x ∈ {0, 1}V
is one-hot token. Using DSP blocks, we achieve
latency:

Lembed = ⌈de/PDSP ⌉+ Laccum (1)

where PDSP is DSP parallelism and Laccum is ac-
cumulation latency.

Contextual Encoder: Lightweight transformer
layer with attention computed via systolic arrays.
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Method Compression Ratio Latency (ms/token) KV Cache (GB) PPL F1 EM ROUGE-L Memory (MB) Complexity

BPE (Default) 0% 61.2 4.1 17.3 59.4 42.1 28.3 2048 O(n)
Entropy-Pruned (Ye et al., 2021) 25% 48.4 2.9 18.2 57.8 41.6 27.1 1536 O(n logn)
VQ-Tok (Ronen et al., 2023) 33% 47.9 2.8 18.0 58.2 41.2 27.5 1408 O(n · d)
TofuTok (Fu et al., 2021) 39% 39.3 2.3 18.4 56.1 40.4 26.8 1152 O(n)
BPE+Chunk (Ours) 42% 42.1 2.4 18.8 55.2 39.8 26.2 1200 O(n)
SemToken (Ours) 59% 30.4 1.5 17.0 59.9 42.4 28.7 768 O(n · d)

Table 5: Comprehensive comparison across all baselines. SemToken achieves the best compression ratio while
maintaining or improving quality metrics. Memory usage includes both model and cache memory.

Task Dataset Method Compression Ratio PPL/F1 EM ROUGE-L Speedup Memory Reduction

Language Modeling WikiText-103

BPE 0% 17.3 – – 1.0× 0%
Entropy-Pruned 25% 18.2 – – 1.3× 29%

VQ-Tok 33% 18.0 – – 1.3× 32%
TofuTok 39% 18.4 – – 1.6× 44%

BPE+Chunk 42% 18.8 – – 1.5× 42%
SemToken 59% 17.0 – – 2.0× 63%

Question Answering LongBench

BPE 0% 59.4 42.1 – 1.0× 0%
Entropy-Pruned 25% 57.8 41.6 – 1.3× 29%

VQ-Tok 33% 58.2 41.2 – 1.3× 32%
TofuTok 39% 56.1 40.4 – 1.6× 44%

BPE+Chunk 42% 55.2 39.8 – 1.5× 42%
SemToken 59% 59.9 42.4 – 2.0× 63%

Summarization BookSum

BPE 0% – – 28.3 1.0× 0%
Entropy-Pruned 25% – – 27.1 1.3× 29%

VQ-Tok 33% – – 27.5 1.3× 32%
TofuTok 39% – – 26.8 1.6× 44%

BPE+Chunk 42% – – 26.2 1.5× 42%
SemToken 59% – – 28.7 2.0× 63%

Multimodal QA ChartQA

BPE 0% – 65.1 – 1.0× 0%
Entropy-Pruned 25% – 64.2 – 1.3× 29%

VQ-Tok 33% – 64.8 – 1.3× 32%
TofuTok 39% – 63.5 – 1.6× 44%

BPE+Chunk 42% – 62.9 – 1.5× 42%
SemToken 61% – 65.1 – 1.8× 66%

Table 6: Detailed task-specific performance breakdown. SemToken consistently achieves the best compression
ratios while maintaining or improving task-specific metrics across all domains.

For context window C, the attention complexity
is O(C · de) per token, mapped to NPE × NPE

processing elements achieving utilization UPE =
min(C · de/(N2

PE), 1).

B.1.2 Semantic Clustering Accelerator.
The clustering engine implements nearest-
neighbor search in hardware:

Similarity Computation: Parallel cosine sim-
ilarity for N embeddings requires N(N − 1)/2
comparisons. We use Psim parallel units comput-
ing:

sim(hi,hj) =

∑de
k=1 hi,k · hj,k√∑
k h

2
i,k ·

√∑
k h

2
j,k

(2)

with pipelined dot-product, L2-norm computation,
and division stages achieving throughput Θsim =
Psim/Lsim comparisons per cycle.

Threshold Filtering: Hardware comparators
filter similarities sim > τ populating an adjacency
list in BRAM with capacity Madj = O(N · d̄)
where d̄ is average degree.

Greedy Merging FSM: State machine tra-
verses adjacency list performing union-find opera-
tions with path compression, achieving amortized
O(α(N)) complexity per merge where α is the in-
verse Ackermann function.

B.2 Scalable Processing for Large-Scale
Inference

For large-scale deployment across multiple accel-
erators, we implement a protocol ensuring seman-
tic consistency. Each computing node Gi main-
tains local embeddings {h(i)

j } and periodically
synchronizes via all-reduce:

h̄j =
1

|G|

|G|∑

i=1

h
(i)
j (3)

The consistency measure Ccons = 1 −
1
N

∑
j Var({h(i)

j }) quantifies cross-node agree-
ment, with Ccons > 0.998 required for correctness.
Communication cost is O(N · de · |G|) per sync,
amortized over Tsync intervals to minimize over-
head.
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Model Parameters Method Compression Ratio Latency (ms/token) Memory (GB) PPL

LLaMA-2-7B 7B
BPE 0% 61.2 4.1 17.3

SemToken 59% 30.4 1.5 17.0
SemToken + FlashAttn2 57% 22.5 1.5 17.0

GPT-J-6B 6B
BPE 0% 58.7 3.9 18.1

SemToken 56% 29.8 1.4 17.8
SemToken + FlashAttn2 54% 21.9 1.4 17.8

GPT-NeoX-20B 20B
BPE 0% 89.3 12.4 16.2

SemToken 58% 45.2 5.2 15.9
SemToken + FlashAttn2 55% 33.1 5.2 15.9

Table 7: Performance analysis across different model sizes. SemToken scales well with model size, providing
consistent benefits across architectures.

Table 8: Hardware test results.

Resource Used Total (%)

ALMs 392,845 933,120 (42.1%)
Registers 687,234 3,732,480 (18.4%)
M20K Memory Blocks 2,134 11,721 (18.2%)
DSP Blocks 1,512 3,960 (38.2%)

Maximum Frequency 750 MHz
Power 38W

C Additional Experimental Analysis

C.1 Visualization Analysis: Semantic
Patterns and Token Distributions

To better understand how SemToken operates, we
provide comprehensive visualizations of semantic
patterns, compression dynamics, and performance
comparisons.

C.1.1 Additional Visualizations

Additional visualizations including performance
comparison radar charts, token compression tra-
jectories, and semantic clustering distributions are
available in the extended analysis. These demon-
strate SemToken’s balanced clustering approach
and effective semantic compression across diverse
text types.

C.1.2 Performance Comparison Radar Chart

Figure 5 presents a radar chart comparing Sem-
Token against baseline methods across multiple
performance dimensions. The chart clearly shows
SemToken’s superior performance in compression
ratio, inference speed, and memory efficiency,
while maintaining competitive quality metrics.
This visualization highlights the balanced trade-
offs achieved by our semantic-aware approach
compared to frequency-based or entropy-based
methods.

Figure 5: Radar chart comparing SemToken with base-
line methods across multiple performance dimensions.
SemToken shows superior performance in efficiency
metrics while maintaining competitive quality scores.

C.1.3 Token Compression Trajectory

Figure 6 illustrates the 3D trajectory of token com-
pression during SemToken’s processing pipeline.
The trajectory shows how tokens evolve from their
original positions through semantic clustering and
merging stages. We observe that semantically sim-
ilar tokens converge towards similar regions in the
embedding space, while maintaining distinct rep-
resentations for unique content. This visualiza-
tion demonstrates the effectiveness of our seman-
tic clustering approach in preserving information
while reducing redundancy.

C.1.4 Semantic Clustering Distribution

Figure 7 shows the distribution of semantic clus-
ters across different text types and compression
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Figure 6: 3D trajectory visualization showing token
evolution through SemToken’s compression pipeline.
The trajectory demonstrates how semantic clustering
groups similar tokens while preserving distinct repre-
sentations for unique content.

levels. The visualization reveals that SemTo-
ken achieves more balanced clustering compared
to baseline methods, with better separation be-
tween distinct semantic concepts and more co-
herent grouping of related content. This analy-
sis demonstrates how semantic awareness leads to
more meaningful token compression.

Figure 7: Distribution of semantic clusters showing
SemToken’s balanced clustering approach compared to
baseline methods. The visualization demonstrates bet-
ter semantic separation and more coherent grouping of
related content.

C.2 Hardware Acceleration Analysis

We evaluate the impact of hardware acceleration
on semantic processing efficiency. The acceler-
ated embedding engine achieves Θaccel = 3.1 ×
Θbaseline throughput while consuming Paccel =
0.42 × Pbaseline power (38W vs. 91W for equiv-
alent baseline kernel). Energy efficiency improves
by Egain = 7.4× for embedding operations. For
end-to-end inference with αembed ≈ 0.15 embed-
ding time fraction, system-level energy reduction
is Esys = 58%. The deterministic latency pro-
file improves P99 tail latency by 2.3× compared
to baseline implementations.

C.3 Energy Efficiency Analysis
Table 9 compares power consumption across con-
figurations. SemToken with hardware acceleration
achieves energy efficiency Eeff = Θ/Ptotal of
42.3 tokens/(s·W) vs. 18.7 for baseline (2.26× im-
provement). The acceleration contributes Paccel =
38W but enables 3.1× higher embedding through-
put, yielding net system power reduction. For
large-scale deployments, total power decreases by
∆P = 25% while delivering 1.9× higher infer-
ence throughput.

C.4 Scalability Analysis
We evaluate SemToken’s scalability across multi-
ple accelerators. SemToken achieves scaling effi-
ciency:

ηscale(N) =
Θ(N)

N ·Θ(1)
=

N

N +Ocomm(N)
(4)

where communication overhead Ocomm(N) =
β · N · logN grows sub-linearly. At N =
64 devices, ηscale = 0.91 (vs. 0.78 for base-
line inference), demonstrating superior scalability
through reduced synchronization cost. The consis-
tency protocol maintains Ccons > 0.998 across all
scales with communication time Tcomm < 0.05 ·
Tcompute.
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Table 9: Energy efficiency comparison (LLaMA-2 7B, WikiText-103).

Configuration Power (W) Throughput J/token Efficiency
(tok/s) (tok/s·W)

Baseline BPE 315 5,890 0.0535 18.7
BPE+Cuda Kernel 368 11,340 0.0325 30.8
BPE+SemToken 353 14,930 0.0236 42.3

Improvement +12% +2.54× -55.9% +2.26×

Algorithm 1 SEMTOKEN: Semantic-Aware To-
ken Compression

Require: Token sequence X = [x1, x2, . . . , xn],
encoder fθ, similarity threshold τ , entropy
threshold δ, budget B

Ensure: Compressed token sequence X ′ =
[x′1, x

′
2, . . . , x

′
m] with m ≤ B

1: Step 1: Semantic Fingerprint Extraction
2: Compute contextual fingerprints: hi ←

fθ([xi−k, . . . , xi+k]), ∀i ∈ [1, n]

3: Step 2: Span Formation via Local Similar-
ity

4: Initialize index t← 1, span list S ← ∅
5: while t ≤ n do
6: Initialize span C ← {xt}
7: for j = t+ 1 to n do
8: if h⊤

t hj

∥ht∥∥hj∥ > τ then
9: C ← C ∪ {xj}

10: else
11: break
12: end if
13: end for
14: S ← S ∪ {C}; t← j
15: end while
16: Step 3: Semantic Entropy Scoring
17: for each C ∈ S do
18: H(C)← Tr(Cov({hi | xi ∈ C}))
19: end for
20: Step 4: Entropy-Guided Selection under

Budget
21: Let S ′ ← Top-B clusters in S ranked by
H(C)

22: Merge each C ∈ S ′ into token x′C =
merge(C)

23: X ′ ← {x′C | C ∈ S ′}
24: RETURN X ′
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