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Abstract 

Transformer models achieve state-of-the-art NLP performance but face deployment constraints 

due to high in-ference energy costs. Numerous techniques have been proposed to optimize 

model operations. Due to limitations of hardware and time, we analyzed a few of them, which 

are knowledge distillation, unstructured pruning, and quantization within a uni-fied pipeline for 

BERT and TinyBERT. Results demonstrate that the Distilled Student serves as the dominant 

baseline, offering the lowest energy per sample among all variants. Conversely, while post-

training quantization and pruning reduce model size, they introduce significant kernel 

overheads on GPUs. Notably, combining INT8 quantization with aggressive pruning results in 

severe latency penalties, causing up to a 4x increase in energy consumption compared to the 

standard Student. These findings underscore the critical disparity between theoretical 

compression metrics and hardware-realized energy efficiency. 
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1. INTRODUCTION 

A. Background and Motivation 

Transformer architecture-basedmodels, particularly BERT [1], have become the de facto standard for 

Natural Language Processing (NLP). These gains, however, come with quite large computational and 

energy costs, especially during infer-ence at scale [2]. As NLP models are increasingly deployed in 

continuous services, inference efficiency has emerged as a primary bottleneck. This shift motivates the 

principles of “Green AI,” which advocate optimizing models for energy consumption and en-vironmental 

impact [3]. Importantly, the carbon footprint of sustained inference can match that of training for widely 

deployed models queried over long lifecycles [4]. In resource-constrained environments such as edge 

devices or consumers, energy efficiency is a hard constraint governed by battery capacity and thermal 

limits. 
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B. Problem Statement 

Despite extensive research on model compression, a per-sistent gap exists between algorithmic efficiency 

gains and real-world energy savings. Most prior work relies on proxy metrics such as parameter counts or 

FLOPs. However, as described by the Roofline model [5], hardware-level energy consumption depends 

heavily on memory access patterns and kernel efficiency, factors not captured by these proxies [6]. From 

a systems perspective, a reduction in FLOPs may not translate to lower energy if execution becomes 

memory-bound 

 

 
Figure 1: Historical and projected data-center electricity consumption highlight-ing growth driven by AI workloads 

or incurs additional kernel overhead. This disconnect compli-cates deployment decisions and motivates 

direct, hardware-level measurement of inference energy. 

C. Contributions 

We bridge the gap between algorithmic compression and hardware reality through the following 

contributions: 

1) We use a single, experimental framework to evaluate the cumulative energy impact of knowledge 

distillation, unstructured pruning, and low-bit quantization for a student model. 

2) We report direct, GPU power measurements obtained under controlled inference conditions, verifying 

data against multiple runs and raw benchmarks. 

3) We provide practical, hardware-grounded insights into the efficacy of compression techniques, 

distinguishing between theoretical reductions and tangible real-world energy savings. 

II. RELATED WORK 

A. Model Compression 

Knowledge distillation [7] transfers knowledge from a large teacher to a smaller student, as seen in 

TinyBERT [8] and DistilBERT [9]. Pruning removes redundant weights to induce sparsity [10]. The 

Lottery Ticket Hypothesis [11] suggests that dense networks contain sparse, matching subnetworks 

capableof high accuracy. Recent works like HAP-E focus on Hessian-aware structured pruning for LLMs 

[17], while others explore block-sparse pruning [18]. Quantization reduces numerical precision. While 

INT8 is industry standard [12], but recent advances explore INT4 and activation quantization techniques 

like SmoothQuant [19] and GPTQ [20] for larger models.  

B. Energy Efficiency 

Recent surveys highlight the discrepancy between theo- retical FLOPs and actual energy usage [16]. 

Many studies implicitly assume that reductons in model size or latency will proportionally reduce energy 

consumption, an assumption that does not always hold in practice due to hardware utilization nuances [6]. 
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III .  METHODOLOGY 

A. Compression Pipeline 

We employ a multi-stage compression pipeline (Fig. 2). A large Teacher model distills knowledge to a 

compact Student, which is subsequently pruned and quantized. 

 

 

B. Knowledge Distillation 

We distill knowledge from a BERT-base teacher to a Tiny-BERT student. To improve convergence, we 

employ interme-diate layer distillation using Mean Squared Error (MSE) on hidden states. The student 

hidden states HS are mapped to teacher states HT via a learnable matrix Wh: 

Lhid = 
Σ 

MSE(H(i)Wh, H
(i)) (1) 

i=1 

The prediction layer loss combines Cross-Entropy (LCE) and KL-Divergence: 

Lpred = αLCE + βT 2LKL(pS/T, pT /T ) (2) 

    where p represents the logits. 

C. Unstructured Pruning 

We apply magnitude-based pruning [10]. Formally, we formulate the optimization problem to minimize 

loss subject to an L0 norm constraint on the weights: 

min L(W ; D)  s.t.  ||W ||0 ≤ κ (3) 

                                             W 

The pruned weight matrix W ′ is defined using a binary mask 

M : 

W′ = W ⊙ M, Mij = I(|Wij| > θ) (4) 

D. Quantization (INT8 & INT4) 

We conduct an evaluation of few post-training quantization techniques. Here, a floating-point tensor x is 

mapped to integer q via scale factor S and zero-point Z: 

 

q = clip     round    x/ S + Z, qmin, qmax     (5) 

 

We use dynamic INT8 quantization [12] and INT4 weight quantization via the bitsandbytes library 

[13]. 

 

 

Figure 2:Proposed pipeline: Teacher → Distillation → Student → Pruning → 
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Fig. 3. Mapping continuous FP32 values to discrete INT8 buckets 

 

A. Energy Measurement Protocol 

All of the experiments are conducted on a single NVIDIA Tesla T4 GPU. The total energy consumption 

is obtained by numerically integrating power measurements over the infer-ence duration using the 

trapezoidal rule: 

N 

E = t  t+1 · ∆t (6) 

t=1 

We also consider the Energy Delay Product (EDP) to penalize slow, low power models: EDP = E × 

Latency. 

 

VI.EXPERIMENTAL SETUP 

Experiments were conducted on an NVIDIA Tesla T4 GPU (16 GB GDDR6) using PyTorch and 

HuggingFace Transform-ers. Inference was performed with a fixed batch size of 16 on the SST-2 

dataset [15]. All models underwent warm-up passes to stabilize CUDA kernels before measurement. The 

reported results have been verified against raw benchmark logs  to ensure data integrity. 

V. RESULTS 

A. Accuracy Analysis 

Table I presents the classification accuracy. The distilled stu-dent establishes the performance baseline. 

Pruning up to 30% shows negligible loss. Interestingly, our verified results show that INT8 quantization 

combined with 30% pruning retains surprisingly high accuracy (87.4%), only a 1.6% drop from the 

student baseline, contradicting the expectation of severe degradation. However, INT4 quantization 

remains sensitive to sparsity. 
Table 1:  ACCURACY RESULTS ON SST-2 (VERIFIED) 

Model Variant Acc (%) Drop (%) 

Teacher (BERT-base) 91.0 – 

Distilled Student 89.0 0.0 

+ Pruning (20%) 88.8 0.2 

+ Pruning (30%) 88.1 0.9 

+ Pruning (40%) 50.9 38.1 

+ INT8 Quantization 87.7 1.3 
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Model Variant Acc (%) Drop (%) 

++ Pruning (20%) 88.4 0.6 

++ Pruning (30%) 87.4 1.6 

++ Pruning (40%) 50.9 38.1 

++ Pruning (20%) 84.7 4.3 

++ Pruning (30%) 68.1 20.9 

++ Pruning (40%) 50.9 38.1 

 

B. Latency and Throughput 

Table II details inference speed. The Distilled Student sets the speed baseline at 8.86 ms. Unstructured 

pruning maintains this baseline performance. However, INT8 and INT4 quan-tization introduced latency 

bottlenecks. Critically, combining INT8 with 30% and 40% pruning caused a severe degradation in 

latency (up to 96 ms), which is 11x slower than the standard Student. 

 
Table 2:INFERENCE  LATENCY  (BATCH  TIME) AND  THROUGHPUT  (VERIFIED) 

Model Variant 
Batch Latency 

(ms) 

Throughpu

t 

(samples/s) 

Teacher (BERT-base) 133.26 126.5 

Distilled Student 8.86 1,817.9 

+ Pruning (20%) 8.94 1,755.8 

+ Pruning (30%) 8.84 1,763.9 

+ Pruning (40%) 8.87 1,814.0 

+ INT8 Quantization 58.15 257.8 

++ Pruning (20%) 64.47 212.7 

++ Pruning (30%) 96.30 207.2 

++ Pruning (40%) 92.81 206.1 

+ INT4 Quantization 31.45 492.3 

++ Pruning (20%) 31.88 475.5 
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C. Energy Consumption 

Table III summarizes the energy metrics. The Distilled Stu-dent configuration demonstrates the highest 

energy efficiency, requiring just 0.05 J per sample. While INT8 quantization contributed to lowering 

average power draw, the increased latency (especially when combined with pruning) resulted in 

significantly higher total energy per sample. The INT8+30% Pruned model, despite its high accuracy, 

consumes 0.24 J/sample, which is 4.8 times more energy than the standard Student due to the 96ms latency 

penalty. 

D. The Pareto Frontier 

Figure 5 illustrates the trade-off. The FP32 Student lies on the optimal frontier. Despite the improved 

accuracy of the 

 

 

 

 
 

Figure 4:Decomposition of inference efficiency into average power draw (W) and latency (ms) across model variants. 

 
 

 

 

 

 

 

 

 

 

Model Variant 
Batch Latency 

(ms) 

Throughpu

t 

(samples/s) 

++ Pruning (30%) 32.35 471.5 

++ Pruning (40%) 32.05 479.9 

Table 3:INFERENCE  ENERGY  CONSUMPTION  (VERIFIED) 

 Model Variant Power (W) Energy/Sample (J) Size (MB) 

Teacher (BERT) 69.80 0.5800 417.7 

Distilled Student 67.53 0.0500 54.8 

+ Pruning (20%) 66.78 0.0400 54.8 

+ Pruning (30%) 61.88 0.0500 54.8 

+ Pruning (40%) 69.13 0.0500 54.8 

+ INT8 Quant 38.09 0.1400 41.5 
+ + Pruning (20%) 36.13 0.1453 41.5 
+ + Pruning (30%) 33.78 0.2035 41.5 

+ + Pruning (40%) 32.68 0.1892 41.5 

+ INT4 Quant 66.64 0.1400 39.3 

+ + Pruning (20%) 60.56 0.1206 39.3 
+ + Pruning (30%) 59.33 0.1199 39.3 

+ + Pruning (40%) 61.46 0.1235 39.3 
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INT8+Pruning models, their increased energy consumption  (up to 0.24 J) disqualifies them from the 

Pareto frontier compared to the efficient Distilled Student (0.05 J). frontier compared to the efficient 

Distilled Student (0.05 J). 

 

 
 

 

 

VI.DISCUSSION AND LIMITATIONS 

The results highlight that the Distilled Student is the most consistent strategy for general purpose GPUs. 

Unstructured pruning requires sparse-aware hardware to translate FLOP re-ductions into energy savings. 

The verification process revealed a critical anomaly: combining INT8 with high-sparsity pruning (30%+) 

leads to severe kernel overhead, increasing latency by 11x compared to the standard Student. This 

contradicts theoretical expectations and emphasizes the gap between soft-ware implementations and 

hardware capabilities. Future work should explore other parameter-efficient finetuning techniques like 

LoRA [14] and structured sparsity. 

VII . CONCLUSION 

We presented a hardware-based energy evaluation of com-pressed NLP models, verified against multiple 

runs, and raw benchmark data. The Distilled Student emerged as the Pareto-optimal baseline, delivering 

the lowest energy consumption (0.05 J/sample) with minimal accuracy loss. In contrast, stan-dard pruning 

and the quantization pipelines failed to match this efficiency. Specifically, INT8+Pruning, while 

accuracy-friendly, suffers from prohibitive latency costs, increasing energy consumption by up to 4.8x 

compared to the standard Student. This necessitates the direct hardware measurement for accurate energy 

profiling. 

  

Figure 5:Accuracy (Y-axis) vs. Energy Consumption (X-axis). The Distilled Student represents the ”Sweet Spot” on the 
Pareto frontier 
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