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Abstract
Multilingual Large Language Models (LLMs) offer strong perfor-
mance but often suffer from memory and energy costs that prohibit
edge deployment. We propose the Edge-First Feature Extractor, a
framework that reuses frozen LLM word embeddings as a universal
feature source to bypass the heavy transformer stack. Our method
supports two modes: Static, which directly aggregates frozen em-
beddings, and Hybrid, which adds a lightweight distilled enhancer.
Experiments on a Jetson Orin NX across five languages show
that Static embeddings achieve up to 16.8× higher throughput
and 287.3× lower Energy-Delay Product (EDP) than FastText.
The Hybrid mode bridges the gap, recovering near-LLM accuracy
(within 3–5% F1) while maintaining up to 12.5× EDP reduction.
This unified approach enables practical, always-on multilingual
NLP on edge devices without relying on heavy compression.

CCS Concepts
• Computing methodologies → Natural language processing;
• Computer systems organization→ Embedded systems.
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1 Introduction
Transformer-based Large Language Models (LLMs) [5] have rev-
olutionized NLP, yet their prohibitive memory and energy costs
often preclude deployment on resource-constrained edge devices
[4]. While standard compression techniques (e.g., quantization [3],
pruning [2]) reduce model size, they still require the execution
of the deep transformer stack for every token which incurs high
memory, energy and computational costs.

In this work, we take an orthogonal approach: instead of com-
pressing the transformer stack, we bypass it entirely. We reuse the
frozen word embedding layer of multilingual LLMs as a univer-
sal feature source. Our framework provides two operating modes:
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Figure 1: The Edge-First Feature Extractor pipeline. We by-
pass the transformer stack, using static embeddings or en-
hancing them via a distilled enhancer 𝐷𝜃 .

Static, which aggregates frozen embeddings for maximum speed,
and Hybrid, which adds a lightweight distilled enhancer (<2% of
LLM size). This enhancer acts as a supplemental feature generator
rather than a task-specific classifier, allowing the same artifact to
serve multiple downstream tasks and languages. We evaluate this
framework across 6 multilingual lightweight LLMs, five diverse
languages (Arabic (Ar), English (En), Chinese (Zh), Japanese (Ja),
Turkish (Tr)), and three tasks: binary and ternary sentiment classi-
fication, and clustering on two platforms: an embedded edge device
(NVIDIA Jetson Orin NX) and a consumer laptop.
Our paper makes the following contributions:
• We demonstrate that static word embeddings from frozen mul-
tilingual LLMs enable on-device NLP with up to 10.4× higher
median throughput and 135.9× lower median EDP (Energy-
Delay Product) than FastText on Jetson.

• The proposed Hybrid mode closes most of the performance gap,
achieving within 3–5% F1 (classification) and 10% V-measure
(clustering) of full LLMs, while offering 3–4× higher throughput.

• We validate our unified deployment strategy across 6 LLMs and
5 languages, showing that one artifact can replace fragmented
baselines achieving up to 287.3× lower median EDP.

2 The Edge-First Feature Extractor
We repurpose the frozen word embedding layer of multilingual
LLMs as a universal feature source, enabling our framework (Fig-
ure 1) to bypass the transformer stack. It offers a static mode for
peak efficiency and a hybrid mode with a distilled feature enhancer
for improved representation quality on edge devices.
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Table 1: Efficiency & Performance Benchmarks. Metrics report the median over downstream models (counts in the rightmost
column). Efficiency is median Throughput Speedup and EDP Reduction over FastText; performance is median F1/V-Measure on
the test split. Mono-C = monolingual classification, Mono-K = monolingual clustering, Multi-C = multilingual classification.

Method
Speedup Gains (Throughput × vs FastText) Efficiency Gains (EDP Reduction × vs FastText) Task Performance # of Models Trained

Jetson Orin NX (Edge) Laptop Jetson Orin NX (Edge) Laptop Classification Clustering Monolingual Multilingual

Mono-C Mono-K Multi-C Mono-C Mono-K Multi-C Mono-C Mono-K Multi-C Mono-C Mono-K Multi-C Binary-F1 Ternary-F1 V-Measure Classifiers Clusterers Classifiers

FastText (Base) 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 1.0× 0.86 0.66 0.28 400 50 80
Static (Ours) 10.4× 6.1× 16.8× 2.2× 2.1× 4.9× 135.9× 38.0× 287.3× 15.5× 6.9× 31.8× 0.86 0.66 0.30 2,400 300 480
Hybrid (Ours) 3.3× 1.9× 3.4× 1.3× 1.2× 1.4× 12.5× 3.0× 11.0× 3.2× 1.3× 2.1× 0.89 0.68 0.39 2,400 300 480
Full LLM 0.8× 0.5× 0.9× 0.9× 0.6× 0.8× 0.7× 0.1× 0.6× 0.8× 0.2× 0.6× 0.91 0.72 0.49 960 120 192

Static Feature Pipeline. We extract token embeddings Estatic ∈
R𝑛×𝑑 using the LLM’s native tokenizer and frozen embedding layer.
These are aggregated into a fixed-length vector vstatic using light-
weight transformation 𝜙 , i.e., vstatic = 𝜙 (Estatic).

Hybrid Feature Pipeline. To restore some contextual awareness,
we introduce a Distilled Enhancer (𝐷𝜃 ), a light model to map
static embeddings to a full LLM’s contextualized embeddings. The
final representation is: vhybrid = [vstatic ; 𝜙 (𝐷𝜃 (Estatic))].

Aggregation Strategies, 𝜙 . We evaluate five ways to construct
vstatic: Mean, Concatenated (Mean/Max/Min), TF-IDF, SIF, and BOREP.
SIF [1] down-weights frequent tokens, while BOREP [6] enriches
semantics by projecting embeddings into higher dimensions.

Distilled Feature Enhancer. 𝐷𝜃 is a 4-layer transformer trained via
MSE loss to mimic the parent LLM’s (M) contextualized features
using the train-splits of the datasets. Despite only ∼1.1M–1.5M
parameters, as shown in Table 2, they deliver >99% compression
with cosine similarity 𝜌 > 0.83.
Table 2: Model Specifications. Models grouped by enhancer
size (𝐷𝜃 ). All enhancers achieve >99% compression (%𝜂). 𝜌:
Cosine similarity range.

Multilingual LLM M (Millions) 𝐷𝜃 (Millions) Reduction, %𝜂 Cos. Sim. 𝜌

E5 118 1.1 99.1 0.92
BERT-M / XLM-R / MPNet 178–278 1.3 99.3–99.5 0.84–0.99
XGLM / BGE-M3 565–568 1.4 99.7 0.87–0.96

Unified Multilingual Deployment. Our framework enables train-
ing of a single deployable artifact for multilingual deployment.
It achieves this by reusing the multilingual LLM’s tokenizer and
frozen embeddings, removing all per-language components.

Downstream Evaluation. We evaluate feature quality by training
lightweight classifiers: logistic regression, XGBoost, LightGBM,
Gaussian Naïve Bayes, and shallow neural networks and clustering
models (K-Means, and K-Means++) on the extracted embeddings
(FastText, Static, Hybrid, and full LLM).

3 Experiments and Results
Setup & Protocol. Experiments run on a Jetson Orin NX (8-core

Arm CPU, 16GB RAM, Ampere GPU) and a laptop (Core i7, 8GB
2000 Ada GPU, 32GB RAM) using Docker and energy is measured
via tegrastats and CodeCarbon, respectively. We compare Fast-
Text, Static, Hybrid, and Full LLM across 5 languages on senti-
ment (Amazon Reviews, LABR, TurkishMovie Reviews) and cluster-
ing (AG News, Livedoor, TNews, Sanad, Turkish News). Inputs are
truncated to 800 characters (sentiment) and 2500 (clustering) and
efficiency is measured from end-to-end inference at batch size 64.

System Efficiency. Table 1 highlights a clear shift in edge NLP
efficiency. On the Jetson Orin NX, Static Mode cuts median EDP by
135.9× and increases median throughput by 10.4× over FastText,
showing that bypassing the transformer stack eliminates the main

bottleneck for always-on devices. Hybrid Mode offers a strong
compromise: despite the added cost of 𝐷𝜃 , it delivers a 12.5× lower
median EDP and 3.3× higher median throughput. Full LLM
inference remains impractical, with a 0.7× median EDP penalty.
Laptop results follow the same pattern, with Static Mode cutting
median EDP by 15.5×.

Task Performance & Multilingual Utility. Efficiency gains must
not compromise utility. Hybrid Mode bridges the semantic gap,
achieving 0.89median F1 (Binary Classification) and 0.39median
V-Measure (Clustering), within 3–5% of the Full LLM (0.91 median
F1, 0.49 median V-M) for classification andwithin 10% for clustering.
While Static Mode excels in supervised tasks (0.86 median F1),
Hybrid is critical for unsupervised clustering, boosting median
V-Measure by 30% over Static (0.39 vs 0.30).

The largest gains appear in Multilingual Deployment: by
removing language detection and dynamic model loading, the Uni-
fied Artifact achieves up to 287.3× lowermedian EDP and 16.8×
higher median throughput than fragmented FastText pipeline,
showing a single static embedding matrix outperforms switching
between language-specific models for multilingual edge systems.

Implications & Strategy. Our results highlight the power of Ar-
chitectural Reuse over traditional compression. By repurposing
the unified embedding layer (∼350MB), we eliminate the multi-
gigabyte footprint and language detection latency inherent to frag-
mented baselines such as FastText. This enables a pragmatic two-
tier deployment strategy: Static Mode serves as the ideal solu-
tion for ultra-low-power, "always-on" wake-word or filtering tasks,
whileHybridMode acts as the robust default for accuracy-sensitive
applications, delivering near-LLM performance without the prohib-
itive cost of the transformer stack.
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