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Abstract. Large Language Models achieve remarkable performance but
incur substantial computational costs unsuitable for resource-constrained
deployments. This paper presents the first comprehensive task-specific ef-
ficiency analysis comparing 16 language models across five diverse NLP
tasks. We introduce the Performance-Efficiency Ratio (PER), a novel
metric integrating accuracy, throughput, memory, and latency through
geometric mean normalization. Our systematic evaluation reveals that
small models (0.5–3B parameters) achieve superior PER scores across all
given tasks. These findings establish quantitative foundations for deploy-
ing small models in production environments prioritizing inference effi-
ciency over marginal accuracy gains.

1 Introduction

The past few years have witnessed remarkable advances in Large Language Mod-
els (LLMs) such as GPT-4 , LLaMA-3 , and Qwen-2.5, demonstrating unprece-
dented capabilities across diverse natural language tasks, yet these gains come
at substantial computational costs that pose significant deployment challenges
for resource-limited environments, edge devices, and real-time applications. The
deployment challenge of large models on resource-constrained devices has mo-
tivated extensive research in model compression and efficiency optimization [1].
In response, Small Language Models (SLMs) with 0.5B to 15B parameters have
emerged as promising alternatives [2, 3, 4], with models like Qwen2.5-3B, Phi-3.5,
and Gemma-2-2B demonstrating competitive performance in targeted domains
while offering faster inference, lower memory footprints, and reduced costs [2, 5].
This efficiency-performance optimization challenge has been similarly addressed
in other domains, where multi-dimensional evaluation frameworks integrate com-
pilation success and functional correctness [6]. However, despite growing interest
in both paradigms, existing studies lack systematic, task-specific efficiency com-
parisons with consistent evaluation protocols, making it difficult to determine
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when SLMs provide better efficiency-performance trade-offs [7] than LLMs. This
paper addresses this gap by conducting the first comprehensive, task-specific effi-
ciency analysis of language models ranging from 0.5B to 72B parameters across
five diverse tasks, with key contributions including: (1) a systematic evalu-
ation framework with unified efficiency and performance metrics, (2) a novel
Performance-Efficiency Ratio (PER) metric capturing multi-dimensional trade-
offs, and (3) identification of task characteristics that favor SLMs over LLMs.

2 Related Work

A growing body of work has begun to explore the capability of Small Language
Models through various task-specific evaluations. Hasan et al. [8] demonstrated
that compact SLMs (1-3B) achieve competitive performance in code generation,
with substantially lower memory requirements, though performance gains be-
yond this range incur steep resource costs. In the research of Schick et al. [9],
it reveals that small models can achieve GPT-3-comparable accuracy on 8 Su-
perGLUE NLU tasks through pattern-exploiting training, but their evaluation
focused exclusively on performance metrics without systematic measurement
of computational efficiency. MiniCPM [10] evaluated 1.2B and 2.4B models
across 12 standard benchmarks (MMLU, C-Eval, HumanEval, GSM8K, etc.)
to demonstrate accuracy comparable to 7B-13B models, but primarily focused
on performance metrics without measurement of computational efficiency trade-
offs.

3 Methodology

3.1 Experimental Design Framework

Our research adopts a systematic evaluation framework to compare performance-
efficiency trade-offs across 16 representative open-source language models span-
ning 0.5B to 72B parameters from different organizations, enabling both within-
series comparisons and cross-architecture analysis. This comparison approach
aligns with established practices in other domains where comparative evaluation
across diverse architectures has proven essential for optimal model selection [11].
We selected five standard NLP benchmarks spanning different cognitive com-
plexity levels and output characteristics: IMDB Movie Reviews dataset [12] for
binary sentiment classification on 1,000 movie reviews (1-5 tokens), HellaSwag
[13] for commonsense reasoning across 10,042 examples using log-likelihood scor-
ing (0 tokens), ARC-Easy [14] for elementary scientific knowledge through 2,376
multiple-choice questions (1-5 tokens), SQuAD 2.0 [15] for reading comprehen-
sion across 11,873 examples requiring answer generation or unanswerable ques-
tion recognition (10-30 tokens), and GSM8K [16] for multi-step mathematical
reasoning through 1,319 grade-school problems demanding complete solution
chains.
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3.2 Performance-Efficiency Ratio (PER) Metric

PER combines four key dimensions (accuracy, throughput, memory usage, and
latency) using geometric mean after min-max normalization to the [0, 1] range.

3.2.1 Mathematical Formulation

We define PER as:

PER = 4
√
ACCnorm × THRnorm ×MEMnorm × LATnorm

where each metric component is normalized to the [0, 1] range using min-max
normalization:

metricnorm =

{
metric−min(metric)

max(metric)−min(metric) if higher is better

1− metric−min(metric)
max(metric)−min(metric) if lower is better

We employ geometric mean rather than arithmetic mean for three key reasons:
First, geometric mean naturally captures the multiplicative trade-offs inherent
in efficiency metrics (e.g., higher throughput often correlates with increased la-
tency). Second, it prevents compensation effects where excellence in one dimen-
sion masks deficiency in another. This characteristic is critical for identifying
balanced models. Third, geometric mean is scale-invariant and maintains pro-
portional relationships in the normalized [0,1] space, making it robust to mag-
nitude differences across metrics [17].

While min-max normalization is sensitive to outliers, we employ it for three
pragmatic reasons: (1) Our evaluation uses a fixed, carefully selected set of 16
representative models spanning five orders of magnitude in size, minimizing the
risk of extreme outliers skewing the scale; (2) Our focus is on relative ranking
rather than absolute metric values, making the normalization method less crit-
ical; (3) Min-max normalization provides intuitive [0,1] bounds that facilitate
interpretation.

The geometric mean naturally assigns near-zero PER scores to models ex-
hibiting worst-in-class performance on any single metric, ensuring that excellence
in one dimension cannot compensate for critical weaknesses in another

3.2.2 Task-Specific Metric Definitions

To ensure a fair comparison across different task types, we use task-appropriate
granularity for efficiency metrics. For generation tasks (GSM8K, SQuAD 2.0),
we use token-level efficiency metrics:

THRgen =
throughputtokens/sec

num gpus
(tokens/s per GPU)

LATgen = avg latencyms/token (ms/token)
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For classification tasks (HellaSwag, IMDB, ARC-Easy), we use sample-level
metrics:

THRcls =
throughputsamples/sec

num gpus
(samples/s per GPU)

LATcls = avg timesec/sample × 1000 (ms/sample)

4 Experiment and Result

Fig. 1: Model Accuracy Across All Tasks

All experiments were conducted on NVIDIA A10 and A100 GPUs. To ac-
commodate varying model sizes, we employed multi-GPU tensor parallelism:
0.5-8B models on 1-2 GPUs, 13-15B models on 2-4 GPUs, and 70-72B models
on 8 GPUs.

Model
GSM8K SQuAD 2.0

Acc
Thr

(tokens/s)
Lat

(ms/token) Mem(MB) PER Acc
Thr

(tokens/s)
Lat

(ms/token) Mem(MB) PER
Qwen2.5-0.5B 0.3768 7927 0.15 1024 0.4546 0.30 854 1.17 1024 0.50
Qwen2.5-1.5B 0.58 4417 0.25 3072 0.6617 0.66 353 2.83 3072 0.67
Gemma-2-2B 0.555 1761 0.66 4096 0.4887 0.68 433 2.31 4096 0.72
Qwen2.5-3B 0.699 2657 0.42 6144 0.6056 0.72 219 4.58 6144 0.53
Phi-3.5 0.7354 979 1.16 7782 0.4427 0.73 172 5.83 7782 0.45
Qwen3-4B 0.7991 1738 0.69 8192 0.5447 0.72 155 6.45 8192 0.41
Mistral-7B 0.5322 3907 1.53 7168 0.2837 0.27 127 3.93 7168 0
Qwen2.5-7B 0.7741 374 1.46 7168 0.3491 0.77 82 6.02 7168 0.37
Llama-3.1-8B 0.8097 151 3.74 8192 0.1957 0.57 89 5.63 8192 0.33
Llama-2-13B 0.3525 115 2.38 6656 0 0.37 73. 3.43 6656 0.28
Vicuna-13B 0.3783 77 3.61 6656 0.0811 0.49 53 2.37 3328 0.33
Qwen2.5-14B 0.8082 179 1.53 7168 0.2877 0.77 28 9.08 7168 0
Qwen2.5-32B 0.8089 293 0.47 8192 0.3482 0.73 37 3.36 8192 0
Llama-2-70B 0.5269 47 2.9 17920 0.053 0.35 29 4.39 17920 0.07
Llama-3.1-70B 0.9204 48 2.79 17920 0.0738 0.77 19 6.31 17920 0.03
Qwen2.5-72B 0.8082 29 4.65 18432 0 0.80 19 6.33 18432 0

Table 1: Generation Tasks PER Results Sorted by Model Size
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Model
HellaSwag IMDB ARC-Easy

Acc
Thr

(samples/s)
Lat

(ms/sample) Mem(MB) PER Acc
Thr

(samples/s)
Lat

(ms/sample) Mem(MB) PER Acc
Thr

(samples/s)
Lat

(ms/sample) Mem(MB) PER
Qwen2.5-0.5B 0.39 65 15 1024 0 0.92 193 5 1024 1.00 0.63 574 2 1024 0.80
Qwen2.5-1.5B 0.50 36 28 3072 0.63 0.89 66 15 3072 0.71 0.85 178 6 3072 0.68
Gemma-2-2B 0.52 21 48 4096 0.53 0.84 20 50 4096 0.46 0.40 87 11 4096 0
Qwen2.5-3B 0.55 22 45 6144 0.57 0.89 22 45 6144 0.48 0.88 60 17 6144 0.47
Phi-3.5 0.59 20 51 7782 0.56 0.48 6 154 7782 0 0.91 42 24 7782 0.40
Qwen3-4B 0.52 18 56 8192 0.48 0.89 19 53 8192 0.42 0.92 47 21 8192 0.42
Qwen2.5-7B 0.61 11 87 14336 0.37 0.85 3 153 7168 0.07 0.89 15 33 7168 0.28
Mistral-7B 0.61 5 104 7168 0.37 0.85 11 93 14336 0.25 0.75 14 35 7168 0.25
Llama-3.1-8B 0.59 4 132 8192 0.30 0.86 5 96 8192 0.24 0.66 7 38 4096 0.17
Vicuna-13B 0.59 10 25 6656 0.49 0.78 17 15 6656 0.43 0.73 4 66 6656 0.04
Llama-2-13B 0.60 9 27 6656 0.49 0.86 14 18 6656 0.43 0.62 5 53 6656 0.10
Qwen2.5-14B 0.64 1 234 7168 0 0.86 10 24 7168 0.38 0.92 4 68 7168 0
Qwen2.5-32B 0.65 5 26 8192 0.41 0.82 5 46 16384 0.18 0.93 11 12 8192 0.28
Llama-2-70B 0.66 2 53 17920 0.14 0.91 3 45 17920 0.09 0.67 5 23 17920 0.07
Llama-3.1-70B 0.65 3 49 17920 0.15 0.85 3 39 17920 0.10 0.94 6 20 17920 0.10
Qwen2.5-72B 0.68 3 44 18432 0 0.89 2 57 18432 0 0.94 6 21 18432 0

Table 2: Classification Task PER Results Sorted by Model Size

4.1 Task-Specific Scaling Characteristics

As illustrated in Figure 1, we observe three distinct scaling regimes across bench-
mark tasks. Simple classification tasks (IMDB) exhibit saturation at sub-billion
scales: Qwen2.5-0.5B achieves 91.7% accuracy with minimal gains from larger
models (Qwen2.5-72B: 88.6%). Mathematical reasoning (GSM8K) demonstrates
pronounced but non-monotonic scaling benefits: accuracy improves from 37.7%
(0.5B) to 92.0% (Llama-3.1-70B), yet Qwen2.5-14B (80.8%) achieves 87.8% of
peak performance using only 20% of parameters. Scientific reasoning (ARC-
Easy) and commonsense understanding (HellaSwag) show substantial gains from
0.5B to 3–7B (HellaSwag: 39.4% → 63.4%, ARC-Easy: 62.7% → 88.2%) with
diminishing returns thereafter.

4.2 Generation Task Efficiency

Table 1 reveals small models (1.5–3B) consistently achieve the highest PER
scores (0.60–0.72) for generation tasks, dramatically outperforming larger al-
ternatives. Despite 10–35% accuracy trade-offs versus 70B+ models, compact
models deliver 40–90× superior per-GPU throughput (350–4400 tokens/s/GPU
vs. 20–50 tokens/s/GPU). Models exceeding 14B parameters exhibit PER scores
below 0.35, with 70B+ models falling below 0.08. Each parameter doubling be-
yond 3B yields diminishing accuracy returns (5–15% improvement) while incur-
ring superlinear efficiency penalties.

4.3 Classification Task Efficiency

Table 2 demonstrates ultra-small models (0.5–2B) dominate classification PER
rankings. Small models process data faster per GPU while maintaining compet-
itive accuracy. Task-dependent characteristics emerge: sentiment classification
(IMDB) saturates at 0.5B (91.7%) with negligible gains from scaling, while sci-
entific reasoning (ARC-Easy) shows improvements from 0.5B (62.7%) to 72B
(94.4%). However, even for complex classification tasks, small models’ efficiency
gains (50% improvement) substantially exceed accuracy trade-offs, establishing
them as optimal for cost-efficient pipelines.
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5 Conclusion

Small models (0.5–3B) achieve superior Performance-Efficiency Ratios (PER)
over larger counterparts, which exhibit diminishing returns beyond 14B parame-
ters. While medium-scale models (3–14B) offer an optimal performance balance,
0.5–3B models are most effective for resource-constrained deployments. These
findings provide a quantitative basis for task-specific selection, challenging the
“bigger is better” paradigm.
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