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Abstract

Large Language Models (LLMs) have demonstrated excep-
tional capabilities but face two critical deployment challenges:
high computational costs and scarcity of personalized domain
training data. We address these dual challenges through a
comprehensive framework that combines synthetic data gener-
ation with inference optimization techniques. Our approach
employs LLMs for zero-shot and few-shot synthetic dataset
creation while applying structural pruning, knowledge distil-
lation, quantization, and prompt caching for computational
efficiency. We evaluate three architectural paradigms: encoder-
only, encoder-decoder, and decoder-only on synthetic building
permit classification and assess optimization techniques on
public benchmarks. Our systematic evaluation reveals that
strategic architectural selection based on task characteristics
is more critical than model complexity: encoder-only mod-
els provide superior efficiency-accuracy trade-offs for high-
throughput scenarios, demonstrating that understanding prob-
lem requirements enables effective deployment without re-
quiring the largest available models. Knowledge distillation
emerges as the key optimization technique for personalized
domains, recovering pruning-induced performance degrada-
tion with Llama3-8B+KD achieving 87.1% accuracy at 20%
pruning while exceeding unpruned baselines. Complementary
optimization strategies, including dynamic caching (5-18%
latency reduction with zero performance loss) and hardware
acceleration (up to 200× speedup) enable flexible deployment
configurations for domain specific applications.

Introduction
LLMs (Touvron et al. 2023; Thoppilan et al. 2022; Le Scao
et al. 2023) have demonstrated remarkable capabilities
through extensive pre-training (Brown et al. 2020; Chowdh-
ery et al. 2023). Their exceptional performance on complex
language tasks has driven widespread adoption despite their
substantial computational requirements compared to more
compact NLP models such as BERT (Devlin et al. 2019)
and MicroBERT (Gessler and Zeldes 2022). As these archi-
tectures expand, they manifest emergent abilities (Wei et al.
2022) while concurrently presenting two significant chal-
lenges: substantial computational demands for deployment
and limited availability of high-quality personalized domain
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data for fine-tuning. The enormous data requirements of con-
temporary models consuming hundreds of billions to trillions
of tokens during pre-training make adaptation particularly
challenging in personalized domains where labeled data is
sparse or unavailable.

Our research addresses these parallel challenges through
a comprehensive approach. First, we investigate techniques
for data-efficient fine-tuning by utilizing existing LLMs to
generate synthetic training datasets for personalized domains.
This synthetic data generation strategy provides a promising
solution to the data scarcity issue, facilitating domain adapta-
tion without requiring extensive manually-labeled examples.
Second, we explore diverse inference optimization method-
ologies to enable cost-effective deployment, including struc-
tural pruning (Filters’Importance 2016; Wang, Wohlwend,
and Lei 2019), knowledge distillation (Sun et al. 2019, 2020),
and quantization techniques (Frantar et al. 2022; Bai et al.
2020).

In this work, we perform a systematic evaluation of both
synthetic data generation approaches for LLMs and infer-
ence optimization strategies. Our analysis spans multiple
dimensions, from conventional performance metrics (accu-
racy, perplexity, ROUGE-L) to practical deployment consid-
erations such as inference latency across different hardware
configurations. By simultaneously addressing computational
efficiency and data scarcity challenges, our research provides
actionable solutions for deploying LLM technologies in per-
sonalized domains where both computational resources and
domain-specific training examples are limited.

Related works
The optimization and deployment of large language models
(LLMs) faces two critical challenges that our research ad-
dresses: obtaining sufficient high-quality training data and
achieving efficient inference in resource-constrained environ-
ments. These challenges are deeply interconnected, as both
stem from the fundamental characteristics of modern LLMs
and their deployment requirements.

Traditional fine-tuning approaches for domain adaptation
require substantial personalized domain examples, which
are often unavailable or prohibitively expensive to obtain.
Research has explored various alternatives to address this
data scarcity problem, including few-shot learning (Brown
et al. 2020), prompt engineering (Schulhoff et al. 2024), and



parameter-efficient fine-tuning methods like LoRA (Hu et al.
2022) and prefix tuning (Li and Liang 2021). While these
techniques reduce data dependencies to varying degrees, they
often struggle with personalized domains requiring deep do-
main knowledge.

The emergence of LLMs has instigated a significant
paradigm shift in addressing both challenges (Zhang et al.
2023; Bang et al. 2023). Despite their impressive capabili-
ties, high-quality data remains the foundation for building
robust NLP models (Gandhi et al.), while the computational
demands of these models stemming from their extensive pre-
training on vast corpora (Brown et al. 2020; Touvron et al.
2023), create deployment barriers that require innovative
optimization approaches.

An emerging paradigm that addresses the data scarcity
challenge is using LLMs themselves to generate synthetic
training data (Long et al. 2024; Xu et al. 2023). This boot-
strapping technique leverages knowledge embedded in pre-
trained models to create personalized domain examples for
fine-tuning. Recent work has shown promising results us-
ing synthetic data generation across diverse tasks including
classification (Meng et al. 2022), instruction tuning (Wang
et al. 2021; Honovich et al. 2022; Wang et al. 2023), math-
ematics (Yu et al. 2023; Luo et al. 2023a), and code gener-
ation (Luo et al. 2023b). Popular models like Alpaca (Taori
et al. 2023), Vicuna (Zheng et al. 2023), and Openchat
3.5 (Wang et al. 2023) demonstrate that synthetic data has
become instrumental in developing high-performance yet
efficient language models.

This synthetic data approach offers advantages beyond
addressing scarcity. Several studies (Hosking, Blunsom, and
Bartolo 2023; Gilardi, Alizadeh, and Kubli 2023) have high-
lighted that human-generated data, being inherently suscep-
tible to biases and errors, may not be optimal for model
training. Synthetic data can be designed to overcome these
limitations, though creating datasets with both high correct-
ness and sufficient diversity requires careful process design
and numerous technical considerations (Gandhi et al.).

Complementary to data generation, inference optimization
techniques have evolved to address deployment efficiency.
Model pruning represents a foundational approach, rang-
ing from simple magnitude-based methods (Han et al. 2015;
Zafrir et al. 2021) to sophisticated approaches using first-
order importance estimation (Hou et al. 2020) and hessian-
based calculations (Kurtic et al. 2022; Xu et al. 2021; Liu
et al. 2021). Structural pruning (Wang, Wohlwend, and Lei
2019; Xia, Zhong, and Chen 2022) is particularly relevant
for deployment scenarios, creating smaller but dense models
that maintain hardware acceleration benefits.

Knowledge distillation (Sun et al. 2019, 2020) creates a
natural bridge between our two focus areas, enabling smaller
models to leverage knowledge extracted from larger teacher
models (Ma et al. 2022; Rashid et al. 2020) while simulta-
neously addressing efficiency concerns. This technique al-
lows knowledge transfer without requiring access to the vast
datasets used to train the teacher models, making it synergis-
tic with synthetic data generation approaches. Quantization
methods (Bai et al. 2020; Yao et al. 2022) further comple-
ment these techniques by reducing numerical precision re-

quirements while preserving core capabilities.
Recent innovations have accelerated these optimiza-

tion processes through post-training compression tech-
niques (Kwon et al. 2022; Frantar and Alistarh 2023; Abbas-
nejad, Deb, and Liu 2025) and layer-wise approaches (Sun
et al. 2023; Frantar et al. 2023; Xia et al. 2023; Guo et al.
2023) that apply pruning techniques sequentially for greater
efficiency. These advances create opportunities for more inte-
grated approaches to model optimization.

Our work uniquely addresses these dual challenges by
systematically evaluating how synthetic data generation tech-
niques interact with inference optimization methods. This in-
tegrated perspective is crucial because optimization strategies
that work well with human-annotated data may perform dif-
ferently when applied to models fine-tuned on synthetic data.
By examining these interactions, we provide a comprehen-
sive framework for deploying LLMs in resource-constrained
environments and personalized domains, offering practical
solutions for organizations facing constraints in both com-
putational resources and personalized domain training data
availability.

Method
In this section, we present our framework for personalized do-
main data generation for model training alongside techniques
for evaluating and optimizing LLM during inference.

Dataset overview
Our generated data focuses on the classification of building
permit data within a personalized domain context, specifi-
cally predicting the likelihood of roof-related changes. The
dataset consists of synthetic building permit records contain-
ing fields such as project type, description, and permit status.
Each permit record includes information about construction
or renovation projects across residential and commercial do-
mains. The classification task involves determining whether
each permit relates to changes in roof structures, assigning a
confidence score (0-100) that quantifies the certainty of roof
modification. High confidence scores (70-100) indicate clear
roof-related work such as direct roofing projects or new con-
struction with explicit roof components. Medium confidence
scores (40-69) suggest potential roof impact through major
structural modifications or complete demolitions. Low con-
fidence scores (0-39) represent permits unlikely to involve
roof changes, such as interior renovations.

Synthetic Data Generation Our data generation frame-
work utilizes the inherent knowledge and generative capa-
bilities of LLMs to create personalized domain training data
without requiring extensive human-labeled examples. We
implement two distinct generation paradigms: zero-shot and
few-shot generation.

In the zero-shot setting, we employ personalized prompt-
ing techniques that establish task boundaries and domain
specifications without supplying explicit exemplars. The
LLM leverages its comprehensive pre-trained knowledge
base to synthesize contextually appropriate samples that con-
form to the stipulated requirements for the personalized do-
main. Following initial generation, a human evaluator con-



ducts quality assessment of the produced samples, verifying
their adherence to personalized domain conventions and task
objectives. This human-in-the-loop validation step ensures
that generated content maintains semantic integrity and per-
sonalized domain-specific structural patterns. The validation
process encompasses verification of both content appropri-
ateness and format compliance, establishing a quality con-
trol mechanism that guarantees consistency throughout the
synthetic dataset. Through this hybrid automated-human ap-
proach, we maintain high standards of data fidelity while
scaling beyond the limitations of purely manual data creation
methodologies. Once several high-quality samples are gener-
ated and validated, we use them as reference points for the
LLM for few-shot data generation tailored to the personalized
domain.

Data Labeling The next step of our personalized domain
data generation framework is labeling the generated data. The
labeling system incorporates a hierarchical scoring mecha-
nism that evaluates multiple dimensions of each permit: (1)
project type analysis, which examines primary classifica-
tion indicators within the personalized domain context; (2)
description analysis, which evaluates the detail level and
specificity of work described according to personalized do-
main conventions; and (3) supporting evidence assessment,
which considers additional contextual factors relevant to the
personalized domain. This multi-dimensional evaluation gen-
erates confidence scores between 0-100 which is used as the
likelihood of the roof change.

Model Optimization
In this section, we present our framework for various infer-
ence optimization techniques for LLMs specialized for per-
sonalized domains. Our method includes five key approaches:
model pruning, knowledge distillation, quantization methods,
prompt caching, and hardware acceleration through AWS
Inferentia.

Model pruning We use the layer-pruning method
from (Gromov et al.), which is based on the observation
that representations in transformer networks evolve gradu-
ally across layers. In a transformer architecture, each layer
follows a residual iteration:

x(ℓ+1) = x(ℓ) + f(x(ℓ), θ(ℓ)) (1)

where x(ℓ) and θ(ℓ) represent the multi-dimensional input
and parameter vectors for layer ℓ, and f(x, θ) describes the
transformation of a multi-head self-attention and MLP layer
block. The pruning algorithm identifies layers where rep-
resentations remain similar across multiple layers, making
those intermediate layers potentially redundant. It computes
the angular distance between inputs at different layers and
removes the layers where this distance is minimized. This is
based on the hypothesis that if representations change slowly
such that x(ℓ) ≈ x(ℓ−1)+ϵ with ϵ ≪ x(ℓ), then certain layers
can be removed with minimal impact on performance. After
pruning the redundant layers, fine-tuning can be applied to
heal any representation mismatches, with particular attention
to preserving performance on personalized domain tasks.

Knowledge Distillation This approach (Hinton, Vinyals,
and Dean 2015) is a neural network compression technique
where a smaller ”student” model learns to mimic the behavior
of a larger, more complex ”teacher” model, especially valu-
able for personalized domain applications. In the process, the
student model captures the generalized knowledge embedded
within the teacher’s learned representations rather than just
the hard class labels. This can be done by training the student
model to match the teacher’s output probability distributions,
which are typically ”softened” using a temperature parameter,
T in the softmax function. The softened distributions (where
T > 1) reveal more information about the teacher’s internal
representations than hard labels alone, showing not just which
class the teacher predicts but the relative similarities between
classes that the teacher has learned. In practice, distillation
for personalized domains often uses a weighted combination
of two objective functions: matching the teacher’s soft proba-
bility distributions and predicting the correct hard labels, with
the soft targets usually given higher priority. This approach ef-
fectively transfers the teacher’s generalized knowledge while
maintaining task performance in the personalized domain,
enabling significantly smaller models to achieve comparable
accuracy to their larger counterparts.

Model Quantization Quantization reduces the numerical
precision of model weights and activations, decreasing mem-
ory requirements and computations while attempting to pre-
serve model behavior for personalized domain applications.
Neural network computations typically use high-precision
floating-point formats (FP32) during training, but this level
of precision is often unnecessary during inference. By re-
ducing precision, we can achieve efficiency gains with mini-
mal impact on model quality. We evaluate multiple quantiza-
tion methods across various precision levels including, FP32,
BF16, INT8 and INT4.

Prompt Caching Prompt caching aims to avoid redundant
computation by storing and reusing results from previously
processed prompts, particularly effective in personalized do-
main applications where similar queries are frequently en-
countered. The KV (Key-Value) cache optimizes autoregres-
sive generation by storing previously computed attention
vectors, Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V , reduc-

ing computational complexity from O(t2) to O(t) for a se-
quence of length t, though requiring memory that scales as
2 × L × h × d × t bytes for a model with L layers, h at-
tention heads, and hidden dimension d. In this work we use
three different prompt caching techniques: (i) static caching,
(ii) dynamic Semantic Caching and (iii) HQQ (Hierarchical
Quantized Query) caching, which combines quantized vector
representations with hierarchical indexing to dramatically re-
duce memory requirements while maintaining rapid retrieval
of KV values.

Experiments
We conduct comprehensive experiments across two distinct
scenarios to evaluate our dual approach of synthetic data
generation and inference optimization. Our experimental
framework addresses both data scarcity scenarios through



synthetic data generation and computational efficiency chal-
lenges through various optimization techniques.

Experimental Setup
Hardware Configuration: All experiments were conducted
on NVIDIA A100 GPUs with 2×40GB memory configura-
tion for quantization experiments, while AWS Inferentia2
instances (1 chip, 32 cores, 32 NeuronCores, 128GB mem-
ory) were used for hardware acceleration evaluation.
Model Selection: We evaluate three model families with
varying parameter scales: Llama3 (1B, 8B), Qwen2.5 (32B),
representing different computational complexity tiers to as-
sess scalability across resource constraints.
Dataset: We evaluate our approach on two complementary
datasets addressing different deployment scenarios. To as-
sess model performance and inference optimization in low-
data environments, we created a dataset of building permit
records for predicting roof-related changes, comprising 2,000
training samples, 300 validation samples, and 200 test sam-
ples, all generated using our zero-shot and few-shot synthetic
data generation approach explained in section . Each permit
record contains structured information including project type,
description, and permit status, with the task being to pre-
dict confidence scores (0-100) indicating likelihood of roof
modifications. To evaluate inference optimization techniques
on public benchmarks, we use the Unnatural Instructions
dataset (Honovich et al. 2022) containing 68k text instruc-
tions, formatted using templates from (Wang et al. 2022),
with a validation set of 1,000 examples for model selection.
Testing is performed on LMentry (Efrat, Honovich, and Levy
2022) and Super-Natural Instructions (Wang et al. 2022)
benchmarks.
Model Architecture Comparison: We evaluate models
across different architectural paradigms and parameter scales.
For low-data scenarios in personalized domains, we system-
atically compare three architectural families across 13 mod-
els: (1) Decoder-Only Models (Llama 3.2-1B, Llama 3-8B,
Qwen2-1.5B, Qwen2-0.5B) that perform both confidence
score prediction and reasoning generation in a single pass
with conversational formatting, (2) Encoder Models (BERT
variants) adapted for classification by binning confidence
scores into discrete ranges with classification heads, and (3)
Encoder-Decoder Models (T5 series) treating the task as text-
to-text transformation with ”predict roof score:” prefixes. For
inference optimization evaluation, we focus on three founda-
tion models as baselines: Llama3-1B, Llama3-8B (Grattafiori
et al. 2024) and Qwen2.5-32B (Yang et al. 2024; Team 2024),
representing different computational complexity tiers to as-
sess scalability across resource constraints.
Optimization Techniques: Our optimization framework en-
compasses multiple approaches. We implement knowledge
distillation where Qwen2.5-32B serves as the teacher model
and smaller Llama models serve as students. Model prun-
ing follows the methodology from (Gromov et al.), focusing
on identifying and removing redundant components while
minimizing performance impact. We also investigate com-
bined approaches where knowledge distillation is performed
on pruned variants, using the full Qwen2.5-32B model as
teacher and pruned Llama models as students, aiming to re-

cover performance lost during pruning while maintaining
efficiency benefits. Additional optimization techniques in-
clude prompt caching (dynamic, HQQ, and static variants),
quantization across multiple precision levels (FP32, BF16,
INT8, INT4), and hardware acceleration through AWS Infer-
entia2.
Evaluation Metrics: Our evaluation includes both perfor-
mance and efficiency for each experimental scenario. For
synthetic data generation in personalized domain settings,
we assess performance using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), Exact Match rate, accu-
racy within 5 points, accuracy within 10 points, and inference
time for 200 test samples. For inference optimization on pub-
lic benchmarks, we use inference time (seconds per sample
and tokens per second), perplexity (measuring uncertainty
in next token prediction), ROUGE-L (measuring overlap be-
tween generated and reference text), LMentry scores (Efrat,
Honovich, and Levy 2022) (using greedy decoding with high-
accuracy regular expressions), exact match rates, and accu-
racy metrics.

Results
We performed an extensive series of evaluations on the pro-
posed techniques and compare the performance and compu-
tational complexity of the methods across both experimental
scenarios.

Limited Data Experiment Table 1 presents comprehen-
sive performance comparison across architectural paradigms
on our synthetic building permit dataset. Encoder-decoder
models demonstrated superior performance overall, with
T5 Large achieving the best results across most metrics
(MAE=2.30, RMSE=6.26, 94% accuracy within 10 points).
The T5 family’s text-to-text framework proved particularly
well-suited for numerical prediction tasks requiring precise
outputs, making it ideal for confidence score predictions.

Encoder-only models showed remarkable efficiency de-
spite their simpler architecture, with BERT Base achiev-
ing strong performance (MAE=3.30, 79.5% exact match)
while maintaining the fastest inference time (6.25 seconds
for 200 samples). This suggests that for this specific task of
classifying building permits in a personalized domain, the
classification-oriented approach of encoder models is highly
effective and computationally efficient, offering an excellent
efficiency-to-accuracy ratio.

Decoder-only models generally underperformed on numer-
ical prediction tasks, with even Llama 3B achieving only 5.05
MAE, though they provided valuable reasoning capabilities
unavailable in other architectures. The performance degrada-
tion was particularly severe in smaller decoder-only models
like Qwen 0.5B (MAE=31.34), showing steep performance
decline with size reduction from Llama 3B (MAE=5.05) to
Qwen 0.5B (MAE=31.34). This suggests that for domains
requiring precise numerical predictions, traditional encoder-
decoder architectures may still hold advantages over decoder-
only models despite the broader success of LLMs in general
language tasks.

Inference Optimization Experiment We now present re-
sults of inference optimization techniques on public dataset.



Table 1: Performance comparison across model architectures
on synthetic building permit dataset.

Model MAE↓ RMSE↓ EM↑ W5↑ W10↑ Time↓

Encoder-Only Models
BERT Base 3.30 8.77 79.5% 86.0% 89.5% 6.25
BERT Large 3.65 9.95 77.0% 85.0% 89.5% 7.38
RoBERTa Base 3.55 7.94 68.5% 82.5% 92.5% 6.22
RoBERTa Large 4.10 9.14 68.0% 82.0% 89.5% 7.34

Encoder-Decoder Models
T5 Large 2.30 6.26 80.0% 89.0% 94.0% 31.41
T5 Base 3.38 9.41 78.0% 86.0% 90.0% 13.68
T5 Small 4.33 9.60 68.5% 80.5% 88.0% 8.15
Flan T5 Large 3.62 7.95 68.5% 82.5% 90.5% 14.87
Flan T5 Base 3.75 8.29 69.5% 81.5% 90.0% 14.66
Flan T5 Small 4.30 9.80 69.5% 82.6% 88.0% 8.70

Decoder-Only Models
Llama 3B 5.05 11.43 68.5% 80.0% 86.0% 76.56
Llama 1B 7.05 13.11 51.5% 71.0% 81.0% 37.58
Qwen 1.5B 7.80 15.77 48.0% 52.5% 61.0% 71.20
Qwen 0.5B 31.34 39.53 9.0% 14.0% 20.0% 39.92

Table 2: LMentry benchmark results with latency improve-
ments.

Model Prun. Cache
Performance Efficiency

Perp.↓ LMent↑ Lat.↓(s) Tok/s↑ Imp.(%)

Lla3-1B 0% None 15.38 59.2 2.42 1067 -
Lla3-1B 0% Dyn 15.38 59.2 1.99 1272 17.8%
Lla3-1B 20% Dyn 19.85 51.8 1.83 1445 24.4%
Lla3-1B 40% Dyn 26.19 43.6 1.53 1633 36.8%

Lla3-1B+KD 0% None 13.92 61.7 2.32 1077 -
Lla3-1B+KD 0% Dyn 13.92 61.7 1.97 1268 15.1%
Lla3-1B+KD 20% Dyn 17.47 56.3 1.81 1434 22.0%
Lla3-1B+KD 40% Dyn 22.64 49.4 1.51 1551 34.9%

Lla3-8B 0% None 10.32 60.1 2.91 844 -
Lla3-8B 0% Dyn 10.32 60.1 2.53 1010 13.1%
Lla3-8B 20% Dyn 14.78 55.6 2.33 1152 19.9%
Lla3-8B 40% Dyn 20.92 47.5 1.92 1343 34.0%

Lla3-8B+KD 0% None 9.18 63.5 2.89 879 -
Lla3-8B+KD 0% Dyn 9.18 63.5 2.42 1030 16.3%
Lla3-8B+KD 20% Dyn 12.97 59.8 2.25 1163 22.1%
Lla3-8B+KD 40% Dyn 18.26 52.9 1.94 1311 32.9%

Qwen-32B 0% None 11.54 65.9 3.74 673 -
Qwen-32B 0% Dyn 11.54 65.9 3.53 795 5.6%
Qwen-32B 20% Dyn 15.37 56.4 2.79 918 25.4%
Qwen-32B 40% Dyn 22.11 48.7 2.34 1125 37.4%

Base Model Performance: Our analysis begins with
the baseline performance of each model without pruning,
caching, or knowledge distillation. As shown in Table 2,
Llama3-1B achieved an LMentry score of 59.2 with a latency
of 2.42s, while Llama3-8B reached 60.1 points at 2.91s, and
Qwen2.5-32B attained 65.9 points with the longest latency of
3.74s. On the Super-Natural Instructions benchmark, Table 3,
we observe a clearer performance hierarchy, with Qwen2.5-
32B achieving 27.8% exact match (EM) and 91.7% accuracy,
followed by Llama3-8B (23.5% EM, 84.9% accuracy) and
Llama3-1B (18.7% EM, 78.3% accuracy). These results es-
tablish our performance baseline for subsequent optimization
experiments.

Model Pruning Impact: When applying model pruning,
we observe a consistent trade-off between computational
efficiency and task performance. At 20% pruning with no
other optimizations, Llama3-1B’s LMentry score decreased
to 51.8 while improving latency to 1.83s (24.4% reduction).
Similar patterns emerge for Llama3-8B (55.6) and Qwen2.5-
32B (56.4), with latency improvements of 19.9% and 25.4%,
respectively.

At 40% pruning, more substantial performance degra-
dation occurs, Llama3-1B’s LMentry score falls to 43.6,
Llama3-8B to 47.5, and Qwen2.5-32B to 48.7. However, the
latency improved by 36.8%, 34.0%, and 37.4%, respectively.
Notably, larger models appear more resilient to aggressive
pruning, maintaining better relative performance at higher
pruning rates.

On the Super-Natural Instructions benchmark, Table 3,
20% pruning reduced exact match rates by 2.9 (to 15.8%),
2.8 (to 20.7%), and 3.3 (to 24.5%) percentage for Llama3-1B,

Llama3-8B, and Qwen2.5-32B respectively. At 40% pruning,
this degradation increased to 6.1 (to 12.6%), 7.1 (to 16.4%),
and 8.2 (to 19.6%) percentage. The corresponding decreases
in accuracy follow a similar pattern, with reductions of 4.7%,
3.6%, and 3.7% respectively. From this analysis, we observe
that the percentage-wise reduction in exact match rate is
more severe than the reduction in accuracy, suggesting that
pruning primarily affects the model’s precision in generating
exact outputs for domain specific tasks rather than its overall
understanding of instructions.

Caching Strategies: For personalized domain applications
where similar queries may frequently recur, caching strategies
offer pure efficiency gains with minimal performance impact.
As shown in Table 2, dynamic caching provides substantial
latency improvements across all models: 17.8% for Llama3-
1B (2.42s to 1.99s), 13.0% for Llama3-8B (2.91s to 2.53s),
and 5.6% for Qwen2.5-32B (3.74s to 3.53s). Importantly,
these latency reductions come with virtually no decline in
performance metrics, preserving identical LMentry scores,
exact match rates, and accuracy percentages.

HQQ caching offers varied improvements: 7.4% for
Llama3-1B, 10.3% for Llama3-8B, and 8.0% for Qwen2.5-
32B. This strategy incurs minimal performance penalties (0.1
to 0.2 on LMentry), making it a viable alternative when mem-
ory efficiency is prioritized in domain specific deployments.
Static caching provides the most modest efficiency gains of
4.1 to 7.6% across models, with Qwen2.5-32B showing only
3.5% improvement, but maintains performance parity with
the no-cache baseline.

When analyzing caching strategies across pruned models
for specific domains, we observe that the relative efficiency



Table 3: Super-Natural Instructions results with EM rate
changes. Best accuracy highlighted (pink). EM ∆(%) shows
change relative to baseline (0% pruning, no KD).

Model Pruning EM(%) Acc(%) EM ∆

Llama-1B 0% 18.7 78.3 -
Llama-1B 20% 15.8 73.6 -15.5%
Llama-1B 40% 12.6 68.2 -32.6%

Llama-1B+KD 0% 21.3 83.7 +13.9%
Llama-1B+KD 20% 19.1 80.6 +2.1%
Llama-1B+KD 40% 15.8 74.5 -15.5%

Llama-8B 0% 23.5 84.9 -
Llama-8B 20% 20.7 81.3 -11.9%
Llama-8B 40% 16.4 75.8 -30.2%

Llama-8B+KD 0% 26.7 89.5 +13.6%
Llama-8B+KD 20% 24.3 87.1 +3.4%
Llama-8B+KD 40% 20.2 82.4 -14.0%

Qwen-32B 0% 27.8 91.7 -
Qwen-32B 20% 23.5 88.0 -15.5%
Qwen-32B 40% 19.6 82.1 -29.5%

Table 4: Inference times across quantization methods. INT4
Impr. shows latency reduction vs. baseline; Inf. Impr. shows
Inferentia speedup.

Model Pruning FP32 INT4 Inf. INT4↓ Inf.↑

Llama-1B - 2.42 0.94 0.012 61% 201×
Llama-1B 20% 1.93 0.96 0.007 50% 276×
Llama-8B - 2.91 0.91 0.043 69% 68×
Llama-8B 20% 2.05 1.98 0.037 3% 55×
Qwen2.5B-32B - 3.74 2.30 0.872 39% 4×
Qwen2.5B-32B 20% 3.65 3.66 0.641 0% 6×

gains remain consistent regardless of pruning level. Caching
strategies consistently provide additional latency gains re-
gardless of pruning level, with dynamic caching reducing
latency by 15 − 18% for Llama3 models and 5 − 7% for
Qwen2.5-32B across different pruning rates. This suggests
that caching and pruning offer complementary optimization
benefits in personalized domain applications.

Knowledge Distillation: Knowledge distillation proves
particularly valuable for personalized domain applications,
where transferring domain expertise from larger to smaller
models is essential. Unpruned Llama3-1B+KD achieved an
LMentry score of 61.7 (from 59.2), approaching the perfor-
mance of the much larger Llama3-8B. Similarly, Llama3-
8B+KD reached 63.5 from 60.1. On the Super-Natural In-
structions benchmark, knowledge distillation yielded sig-
nificant gains in exact match rates: from 18.7% to 21.3%
for Llama3-1B and from 23.5% to 26.7% for Llama3-8B.
This brings the Llama3-8B+KD model to within 1.1%
of Qwen2.5-32B’s performance despite being four times
smaller.

The most significant benefit of knowledge distillation for
personalized domains appears when combined with prun-
ing. At 20% pruning, Llama3-1B+KD achieved an LMentry
score of 56.3, recovering 4.5 points of the 7.4-point loss

from pruning. Similarly, Llama3-8B+KD reached 59.8, re-
covering 4.2 points and nearly matching the unpruned base
Llama3-8B. Similar patterns emerge on the Super-Natural
Instructions benchmark, where knowledge distillation at 20%
pruning improved EM from 15.8% to 19.1% for Llama3-1B
and from 20.7% to 24.3% for Llama3-8B. Notably, Llama3-
8B+KD with 20% pruning achieved 87.1% accuracy, higher
than Llama3-8B with no pruning (84.9%) and approaching
Qwen2.5-32B with 20% pruning (88.0%).

Even at 40% pruning, distilled models maintained sub-
stantially better performance in personalized domain tasks:
Llama3-1B+KD scored 49.4 on LMentry (vs. 43.6 without
KD) and Llama3-8B+KD scored 52.9 (vs. 47.5 without KD),
demonstrating that knowledge distillation can mitigate per-
formance degradation even at higher pruning ratios in spe-
cialized domains.

The most significant benefit of knowledge distillation
appears when combined with pruning. At 20% pruning,
Llama3-1B+KD achieved an LMentry score of 56.3, recov-
ering 4.5 points of the 7.4-point loss from pruning. Simi-
larly, Llama3-8B+KD reached 59.8, recovering 4.2 points
and nearly matching the unpruned base Llama3-8B. Similar
pattern is observed on the Super-Natural Instructions bench-
mark, where knowledge distillation at 20% pruning improved
EM from 15.8% to 19.1% for Llama3-1B and from 20.7%
to 24.3% for Llama3-8B. Notably, Llama-8B+KD with 20%
pruning achieved 87.1% accuracy, higher than Llama3-8B
with no pruning (84.9%) and approaching Qwen2.5-32B
with 20% pruning (88.0%). Even at 40% pruning, distilled
models maintained substantially better performance: Llama3-
1B+KD scored 49.4 on LMentry (vs. 43.6 without KD) and
Llama-8B+KD scored 52.9 (vs. 47.5 without KD), demon-
strating that knowledge distillation can mitigate performance
degradation even at higher pruning ratios.

Hardware Acceleration and Quantization: Table 4
presents inference time across different quantization methods
and hardware platforms. All quantization experiments were
conducted on NVIDIA A100 GPUs with 2×40GB GPUs.
Quantization alone provides significant acceleration, with
INT4 quantization reducing latency by 61.2% for Llama3-
1B (from 2.42s to 0.94s), 68.7% for Llama3-8B (from
2.91s to 0.91s), and 38.5% for Qwen2.5-32B (from 3.74s
to 2.30s) compared to unquantized baselines. However, the
most dramatic improvements come from hardware accelera-
tion with AWS Inferentia2, which delivers 201.7× speedup
for Llama3-1B (from 2.42s to 0.012s), 67.7× for Llama3-8B
(from 2.91s to 0.043s), and 4.3× for Qwen2.5-32B (from
3.74s to 0.872s). When combining Inferentia with model
pruning for personalized domain applications, we observe
additional performance gains, with pruned models achieving
latency reductions of 41.7% (Llama3-1B), 14.0% (Llama3-
8B), and 26.5% (Qwen2.5-32B), highlighting the comple-
mentary benefits of specialized hardware and model opti-
mization techniques.

Conclusion
In this work, we addressed the dual challenges of data scarcity
and computational efficiency that hinder practical LLM de-
ployment in personalized domains. Our comprehensive eval-



uation demonstrates that when personalized domain data is
limited, synthetic data generation provides a viable pathway
to achieving high-accuracy models through strategic archi-
tectural selection. Our experiments on building permit classi-
fication reveal that encoder-decoder models, particularly T5
Large, achieves superior performance (MAE=2.30, 94% ac-
curacy within 10 points) on synthetically generated datasets,
while encoder-only models like BERT Base offer optimal
efficiency-accuracy trade-offs for production deployment
in these specialized contexts. Concurrently, our evaluation
of inference optimization techniques establishes knowledge
distillation as the most effective approach for maintaining
personalized domain performance while reducing compu-
tational requirements, with distilled models achieving over
90% of teacher performance despite 4× parameter reduc-
tion. By demonstrating that synthetic data generation can
overcome training data limitations in personalized domains
while layered optimization techniques dramatically improve
inference efficiency, our framework provides practical solu-
tions for deploying LLM technologies in specialized contexts
where both high-quality domain-specific training data and
computational resources are constrained. These findings have
significant implications for organizations seeking to lever-
age LLM capabilities in resource-constrained environments
while maintaining high performance on personalized domain
tasks.
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D.; Castagné, R.; Luccioni, A. S.; Yvon, F.; Gallé, M.; et al.
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