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Abstract

Modern natural language processing (NLP) systems rely on transformer-based architectures that
achieve strong predictive performance but require substantial computational resources. As models
continue to scale, understanding the trade-offs between accuracy and energy consumption has
become increasingly important. However, prior work often evaluates efficiency techniques in
isolation, making it difficult to systematically evaluate architectural compression methods and
inference-time optimizations under consistent experimental conditions. In this project, we investi-
gate energy–accuracy trade-offs in transformer-based NLP models using a controlled benchmarking
framework that measures GPU power consumption during both training and inference. Using the
SQuAD v2 question answering dataset, we evaluate several BERT-derived architectural variants
alongside inference-time optimizations within a unified experimental setting. Precision reduction
emerges as the most effective efficiency strategy, reducing inference energy by up to 75% while
preserving predictive performance. More broadly, different techniques affect different parts of the
computational pipeline: architectural modifications such as pruning and layer freezing primarily re-
duce training energy, whereas inference-time techniques shift the deployment-time energy–accuracy
frontier. Sequence length truncation produces a smooth Pareto frontier between energy consumption
and performance, allowing moderate energy reductions with limited accuracy degradation. In
practice, the most energy-efficient strategy depends on the expected workload: architectures with
lower training energy are preferable when inference volume is small, whereas configurations with
lower per-example inference energy dominate at large deployment scales.
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2 Introduction
Recent progress in natural language processing (NLP) has been driven by transformer-based architec-
tures that have dramatically improved performance across a wide range of language understanding
tasks. Since the introduction of the transformer architecture [1] and pretrained language models
such as BERT [2], increasingly large models have achieved state-of-the-art results in applications
including question answering, natural language inference, and text generation. Empirical studies
show that performance often improves with increased model size and training compute, reinforcing a
trend toward ever larger models and training workloads [3, 4, 5]. However, these gains have come at
the cost of rapidly growing computational requirements.

This expanding computational footprint has raised concerns about the environmental and economic
sustainability of modern machine learning systems. Prior studies have shown that training and de-
ploying large neural language models can require substantial energy resources—sometimes reaching
hundreds of megawatt-hours for a single training run—and generate significant carbon emissions [6, 7].
These concerns have motivated growing interest in energy-efficient machine learning and the broader
“Green AI” paradigm [8], which advocates treating efficiency as a primary evaluation criterion
alongside model accuracy.
Stanford CS224N Natural Language Processing with Deep Learning



However, improving the efficiency of transformer models remains challenging. Because computa-
tional cost scales with both model size and input sequence length [1, 3], and many components of the
network contribute to predictive performance [9], reducing computational cost without compromising
accuracy is not straightforward. A wide range of efficiency techniques have therefore been proposed,
including architectural compression methods such as knowledge distillation [10, 11], sparsity and
pruning approaches that identify efficient subnetworks [12, 13], and hardware-aware inference opti-
mizations such as reduced-precision computation [14, 15]. In practice, these methods are typically
evaluated in isolation, making it difficult to systematically characterize the resulting energy–accuracy
trade-offs under consistent experimental conditions.

In this project, we investigate the energy–accuracy trade-offs of transformer-based NLP models
across architectural and inference-time efficiency strategies. We develop a controlled benchmarking
framework that measures GPU power consumption during both training and inference (Section 4), en-
abling direct comparison between multiple efficiency techniques within a unified experimental setting
(Section 5). Our analysis reveals that different efficiency strategies affect the computational pipeline
in distinct ways—architectural compression primarily reduces training energy, while inference-time
techniques shift the energy–accuracy frontier during deployment—and that the most energy-efficient
model configuration depends strongly on the expected deployment regime (Section 6). These findings
provide practical insight into how efficiency techniques should be selected when deploying NLP
models under different computational and energy constraints.

3 Related work

A growing body of work has examined the energy and environmental costs associated with modern
machine learning systems [16]. Early studies showed that training large neural language models can
require substantial energy resources and produce significant carbon emissions [6]. Subsequent work
advocated reporting computational cost alongside model accuracy and highlighted the importance of
developing more energy-efficient machine learning systems [7]. These efforts have helped motivate
the broader “Green AI” paradigm [8], which emphasizes evaluating models not only in terms of
predictive performance but also in terms of computational efficiency.

Architectural compression techniques aim to reduce the size or complexity of pretrained language
models while preserving predictive performance. Knowledge distillation methods train smaller
models that approximate the behavior of larger pretrained networks [10, 11], while other approaches
reduce model complexity through parameter sharing or factorized embeddings [17]. Sparsity and
pruning methods attempt to identify efficient subnetworks within large models, suggesting that large
neural networks contain smaller subnetworks capable of achieving comparable performance when
trained in isolation [12]. Building on this idea, pruning strategies such as movement pruning [13]
have been applied to transformer architectures, while related approaches modify transformer depth
during training [18], allowing subnetworks of different depths to be evaluated at inference time with
limited performance degradation.

Complementary work explores inference-time techniques that reduce computational cost during
deployment. Mixed-precision computation and quantization methods [14, 15] can accelerate neural
network inference while reducing memory usage. Reducing the maximum input sequence length is
another simple strategy for lowering computational cost, since the complexity of transformer self-
attention grows quadratically with sequence length [1]. Other approaches rely on dynamic inference,
where the model adapts its computation to the input, for example by introducing confidence-based
early exiting [19], or by progressively pruning tokens during inference [20].

Although these techniques improve efficiency, they are typically studied within separate methodologi-
cal frameworks that focus on a single optimization strategy, such as distillation [10], pruning [13], or
dynamic inference [19]. As a result, there is limited empirical understanding of how architectural
compression strategies and inference-time optimization techniques interact when evaluated under
consistent experimental conditions. Our work addresses this gap by introducing a unified energy-
aware benchmarking framework that evaluates multiple efficiency strategies within a controlled
experimental setting and characterizes the resulting energy–accuracy trade-offs for transformer-based
NLP models.
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4 Approach
4.1 Model architectures and baselines

Our study evaluates several architectural variants of transformer-based language models derived
from the BERT family. BERT remains a widely used and well-understood transformer architecture,
making it a suitable reference model for controlled comparisons. In addition, the moderate size
of BERT-base—a pretrained transformer model with 12 encoder layers and approximately 110
million parameters [2]—enables multiple architectural variants to be trained and evaluated within
the computational constraints of this project. Accordingly, we adopt BERT-base as our primary
baseline. Public benchmarks1 indicate that it achieves roughly 75–77 F1 on SQuAD v2 depending
on configuration. We also evaluate DistilBERT [10], a distilled variant that reduces model size and
computational cost while retaining roughly 97% of BERT’s performance on downstream tasks.

To enable a controlled comparison with this distilled baseline, we construct four BERT-derived
variants that represent distinct efficiency strategies explored in prior work. Following parameter-
freezing strategies commonly used in transfer learning [21], BERT-Freeze6 freezes the lower six
encoder layers during fine-tuning, reducing training cost while preserving the upper layers’ task
adaptation. BERT-Edge updates only the first and final encoder layers, representing a more aggressive
restriction of trainable parameters motivated by observations that many transformer layers exhibit
functional redundancy [18]. BERT-Prune50 applies magnitude pruning to remove approximately
50% of model parameters, followed by a brief recovery fine-tuning stage, reflecting sparsity-based
compression approaches inspired by the Lottery Ticket Hypothesis [12]. Finally, BERT-EE modifies
BERT to support early-exit inference, enabling the model to terminate computation before the final
layer once sufficient confidence is reached, following the dynamic inference paradigm explored in
prior work such as DeeBERT [19].

All architectural variants share the same pretrained initialization and fine-tuning pipeline so that
performance differences arise from the efficiency strategy rather than training differences. BERT, Dis-
tilBERT, BERT-Freeze6, BERT-Edge, and BERT-Prune50 are used throughout the main architectural
and inference-time experiments. BERT-EE is evaluated separately for early-exit analysis.

4.2 Inference-time efficiency techniques

Beyond architectural variants, we evaluate several techniques identified in preliminary experiments
(Appendix A) to reduce computational cost during model deployment. First, we study sequence
length truncation, which limits the maximum number of tokens processed by the model. Because the
computational complexity of transformer self-attention scales quadratically with sequence length [1],
reducing the number of input tokens can substantially decrease inference cost. Second, we evaluate
reduced numerical precision. This technique performs inference using lower-precision numerical
formats, which can reduce arithmetic and memory costs while often preserving predictive performance.
Third, we explore token pruning, which dynamically reduces the number of tokens processed by
later transformer layers. We score context tokens by similarity to the question embedding, retain
the top-ranked tokens under a fixed keep ratio, and preserve neighboring tokens within a small local
window to maintain span structure. Together, these architectural and inference-time strategies define
the experimental axes used to evaluate energy–accuracy trade-offs.

4.3 Measurement framework

We evaluate energy–accuracy trade-offs by measuring the computational cost of training and inference
across model configurations. All experiments are executed within a unified benchmarking harness
implemented by us2, ensuring that model architectures, inference reductions, and hardware conditions
are evaluated consistently. Energy consumption is measured by sampling instantaneous GPU power
during execution and integrating power over time. With P (t) denoting instantaneous GPU power
in watts at time t and T the total runtime of a given operation, the total energy consumption E,
expressed in joules, is computed as E =

∫ T

0
P (t)dt. Power measurements are obtained through

periodic GPU telemetry queries (via nvidia-smi). This allows us to estimate the energy required
for each training or inference workload. To facilitate comparison across configurations, we report
normalized metrics including energy per example (J/example).

1https://rajpurkar.github.io/SQuAD-explorer/
2https://github.com/thibaudclement/nlpfrontiers-research/
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5 Experiments
5.1 Data

We conduct our experiments on the Stanford Question Answering Dataset v2 (SQuAD v2) [22].
SQuAD v2 is a widely used benchmark for extractive question answering that extends the original
SQuAD [23] dataset by introducing unanswerable questions. Each example consists of a context
paragraph and a question. The task is to predict either a contiguous answer span within the context or
that no answer is present. The dataset contains approximately 130,000 training examples and 12,000
development examples. Following standard practice, we fine-tune pretrained transformer models on
the training split and evaluate on the development split. Inputs are tokenized using the corresponding
model tokenizer and truncated to a maximum sequence length when necessary. For each example,
the model predicts start and end token positions within the context, along with a score for the null
(no-answer) prediction. The varying context lengths and unanswerable questions make SQuAD v2
suitable for studying efficiency–accuracy trade-offs.

5.2 Evaluation method

We evaluate predictive performance using the standard SQuAD v2 metrics: Exact Match (EM) and
token-level F1 [22]. Exact Match measures the percentage of predictions that exactly match the
ground-truth answer span, while F1 measures token overlap between the predicted and gold answers.
We report both metrics in the architectural baseline comparison, and use F1 as the primary accuracy
measure in energy–accuracy plots. To evaluate computational efficiency, we report inference energy
per example and total training energy. Energy consumption is measured using the methodology
described in Section 4. Because SQuAD v2 includes unanswerable questions, models produce a score
for the null (no-answer) prediction in addition to span predictions. Following standard evaluation
practice, a threshold on this score determines whether a prediction is treated as unanswerable. We
determine this threshold on the development set and then keep it fixed across all experiments to
ensure consistent evaluation of EM and F1.

5.3 Experimental details

All experiments are conducted on a single NVIDIA L4 GPU using PyTorch3 with CUDA support
and Hugging Face Transformers4. Unless otherwise stated, full-run training uses random seed 42,
maximum sequence length 384, document stride 128, learning rate 3 × 10−5, weight decay 0.01,
gradient accumulation 1, per-device training batch size 8, per-device evaluation batch size 16, and
two training epochs. We use a linear learning-rate schedule with 500 warm-up steps, log every 100
steps, and run intermediate evaluation every 1000 steps. Checkpoints are saved every 10000 steps,
with at most one checkpoint retained.

For architectural baselines, BERT serves as the reference model. BERT-Freeze6 uses the same
configuration while freezing the lowest six encoder layers, and BERT-Edge trains only layers 0, 1, 10,
and 11. BERT-Prune50 applies global magnitude pruning with target sparsity 0.50 over linear layers,
including the QA head, followed by a one-epoch recovery fine-tune using the same optimizer and
batch-size settings. BERT-EE is trained separately to support early-exit inference.

Inference-time sweeps are evaluated at maximum sequence lengths {384, 320, 288, 256, 224, 192},
precision modes {FP32, FP16, BF16}, and token-pruning keep ratios {1.00, 0.80, 0.60, 0.40, 0.30}.
Lower-precision formats such as FP8 were not supported on the available hardware platform and are
therefore left for future work. Evaluation uses 10 warm-up batches, n_best_size = 20, maximum
answer length 30, and a fixed no-answer probability threshold of 0.06458. Instantaneous GPU
power is sampled via nvidia-smi every 0.2 seconds and integrated over time to compute energy
consumption.

5.4 Results

5.4.1 Architecture comparison

Table 1 summarizes the performance and energy characteristics of the architectural baselines. As
expected, the fully fine-tuned BERT model achieves the highest predictive performance, with an

3https://github.com/pytorch/pytorch
4https://huggingface.co/docs/transformers/en/index
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F1 score of 75.97 and Exact Match of 73.18, and serves as the accuracy reference point for the
remaining variants. DistilBERT provides the most efficient inference configuration, reducing energy
consumption per example by approximately 50% and achieving the lowest latency, but at a noticeable
cost in predictive performance.

The BERT-derived variants illustrate different trade-offs between accuracy and training cost. BERT-
Freeze6 maintains performance close to the full BERT model while modestly reducing training energy.
BERT-Prune50 achieves nearly identical predictive performance while substantially reducing training
energy through 50% magnitude pruning followed by a recovery fine-tune. By contrast, BERT-Edge
lowers training cost but incurs a larger drop in predictive performance, suggesting that aggressively
restricting the set of trainable layers reduces adaptation capacity too severely for this task.

Importantly, the inference energy and latency of BERT, BERT-Freeze6, and BERT-Prune50 remain
nearly identical. BERT-Edge also remains much closer to these models than to DistilBERT in
inference cost, despite its lower accuracy. This indicates that architectural changes that reduce
training cost do not necessarily improve inference-time efficiency.

Model EM F1 Energy / example (J) Training Energy (kJ) Latency / example (ms)
BERT 73.18 75.97 0.419 626.22 5.87
DistilBERT 66.54 68.63 0.209 320.70 2.95
BERT-Freeze6 72.50 75.50 0.420 550.83 5.87
BERT-Edge 66.53 69.35 0.419 522.88 5.86
BERT-Prune50 72.70 75.93 0.420 313.59 5.88

Table 1: Architectural baseline results on SQuAD v2. Best values in each column are shown in bold.

Figure 1: Inference energy per example vs. F1 across
model architectures.

Figure 2: Training energy vs. F1 across model archi-
tectures.

Figures 1 and 2 visualize these trade-offs, plotting F1 against inference energy per example and
F1 against total training energy, respectively. In Figure 1, DistilBERT occupies the low-energy
region, reflecting its substantially reduced inference cost, while BERT lies at the high-accuracy end
of the spectrum. BERT-Freeze6 and BERT-Prune50 remain close to BERT in inference cost while
preserving much of its accuracy. BERT-Edge moves downward in accuracy without achieving a
comparable reduction in inference energy. Figure 2 shows a different pattern. DistilBERT and BERT-
Prune50 substantially reduce training energy relative to BERT, but only BERT-Prune50 remains near
the baseline in accuracy. BERT-Freeze6 provides a more moderate reduction in training energy with
minimal loss in F1, while BERT-Edge achieves only modest training-energy savings relative to the
drop in predictive performance.

Taken together, these results distinguish architectural strategies that primarily reduce training cost
from those that also reduce inference cost. DistilBERT lowers both training and inference energy,
whereas pruning and layer freezing mainly reduce the cost of fine-tuning while leaving inference
behavior largely unchanged.

5.4.2 Inference-time optimization

We next examine inference-time optimization techniques that do not require retraining the model.
These methods modify runtime configuration and can therefore be applied directly at deployment.
We evaluate reduced numerical precision, maximum sequence length truncation, and dynamic token
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pruning. For each technique, we sweep the corresponding parameter and measure the resulting
changes in model accuracy and inference energy. To facilitate comparison, all plots (Figures 3-6) use
identical axis scales for energy and F1.

Precision reduction provides the most favorable trade-off among these methods. As shown in Figure
3, moving from FP32 to FP16 or BF16 dramatically reduces inference energy while leaving accuracy
nearly unchanged. For example, the BERT baseline decreases from approximately 0.674 J/example
in FP32 to 0.168 J/example in FP16, while F1 remains essentially constant (75.97 vs. 75.96). Similar
behavior is observed for DistilBERT, where BF16 slightly improves F1 relative to FP32 while
reducing inference energy by more than 4×. These results indicate that reduced precision is a highly
effective inference optimization on the tested hardware.

Figure 3: Precision reduction: inference energy per
example vs. F1.

Figure 4: Sequence length truncation: inference en-
ergy per example vs. F1.

Figure 5: Dynamic token pruning: inference energy
per example vs. F1.

Figure 6: Early exit: inference energy per example
vs. F1.

Sequence length truncation produces a different type of trade-off. Figure 4 shows a smooth Pareto
frontier in which moderate truncation yields meaningful energy savings with limited accuracy
loss, while more aggressive truncation leads to steeper degradation. On BERT-Edge, reducing the
maximum sequence length from 384 to 320 tokens lowers inference energy by approximately 8.8%
while decreasing F1 by only 0.34%. By contrast, reducing the sequence length from 224 to 192
tokens lowers energy by roughly 5.8% but incurs a larger 2.5% drop in F1, indicating a clear knee in
the trade-off curve.

Dynamic token pruning yields a steeper energy–accuracy trade-off than the previous techniques. As
shown in Figure 5, moderate pruning can yield substantial energy reductions, but accuracy degrades
more rapidly. On BERT-Prune50, reducing the token keep ratio from 1.0 to 0.8 decreases energy
per example by approximately 50% while reducing F1 by about 5%. More aggressive pruning
shows diminishing returns: on DistilBERT, reducing the keep ratio from 0.8 to 0.6 lowers energy by
about 21% but incurs an additional 8.6% drop in F1. This suggests that token pruning can achieve
large energy reductions, but only over a relatively narrow accuracy-preserving regime. Notably,
several inference-time configurations allow BERT-based models to approach the inference energy of
DistilBERT while maintaining higher accuracy.
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5.4.3 Early exit

Early exit is evaluated separately because it requires modifying and retraining the model architecture.
Our BERT-EE variant attaches auxiliary classifier heads to intermediate transformer layers, allowing
inference to terminate once a confidence threshold is reached. Figure 6 shows the resulting trade-offs
as the early-exit confidence threshold varies. When the threshold is set to 1.01, BERT-EE never exits
early and evaluates all layers, effectively reproducing full-depth inference while achieving an F1 score
of 76.64 after the additional training epoch. Lower thresholds allow more examples to exit earlier,
reducing inference energy. For example, lowering the threshold to 0.90 reduces energy per example
by 21.1% while decreasing F1 by 1.77%. Further reductions continue to decrease energy, but with
progressively larger accuracy degradation. Compared with token pruning, early exit provides a more
adaptive trade-off by varying computation across inputs rather than uniformly reducing computation
for every example. In our experiments, however, increasingly aggressive thresholds still lead to
substantial accuracy loss, indicating that the benefits of early exit depend sensitively on the chosen
operating point.

6 Analysis
6.1 Interpreting the energy–accuracy frontier

The experiments reveal two distinct ways of improving transformer efficiency. Architectural modifica-
tions primarily reduce the cost of fine-tuning, whereas inference-time techniques operate after training
and only reduce deployment cost. For example, pruning and layer freezing lower training energy
while leaving inference energy largely unchanged, whereas reduced precision and sequence-length
truncation directly reduce inference-time cost. These differences help explain the structure of the
observed energy–accuracy frontier. Precision reduction yields the most favorable trade-off because it
lowers arithmetic cost without materially changing model representations, producing large energy
savings with negligible accuracy loss. Sequence-length truncation produces a smoother Pareto frontier
because it progressively removes input information. By contrast, token pruning and increasingly
aggressive early exit tend to produce steeper trade-offs, since they remove or skip intermediate
computation that may still carry useful contextual information. More broadly, the results show that
different efficiency techniques act on different parts of the computational pipeline and therefore shift
models along the frontier in qualitatively different ways.

6.2 Efficiency per accuracy loss

Figure 7 compares the relative efficiency of several techniques by plotting energy savings against
accuracy loss relative to the BERT baseline. Points closer to the lower-right corner correspond to
the most favorable trade-offs. Precision reduction dominates this region. Switching BERT from
FP32 to FP16 reduces inference energy by roughly 75% while leaving F1 essentially unchanged.
Moderate sequence truncation also remains attractive: for example, BERT with sequence length 320
achieves a smaller but still favorable reduction in energy with only a limited loss in accuracy. Other
configurations are clearly less efficient. BERT-Edge with sequence length 288 achieves only modest
energy savings while incurring a substantially larger loss in F1, and aggressive early-exit settings
for BERT-EE achieve large energy reductions only at the cost of the largest accuracy losses in the
plot. Token-pruning configurations occupy an intermediate region: some, such as BERT-Freeze6
with 0.8 token pruning, remain competitive, but they generally incur larger accuracy penalties than
precision reduction for comparable savings. Overall, the figure reinforces that precision reduction is
the most efficient way to move along the frontier, while sequence truncation offers a useful secondary
option and token pruning or early exit are better suited to settings where larger accuracy losses are
acceptable.

6.3 Deployment regime analysis

Figure 8 shows how the relative efficiency of different configurations depends on the expected
inference workload. Each curve represents total energy consumption as a function of the number
of inference queries, computed as the sum of one-time training energy and cumulative inference
energy per example. When the number of queries is small, total energy is dominated by training
cost, making lower-training-energy configurations such as DistilBERT and BERT-Prune50 with token
pruning more attractive. As the number of queries grows, cumulative inference energy dominates, so
configurations with lower per-example inference cost become increasingly favorable. In this regime,
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Figure 7: Energy savings vs. accuracy loss relative to
the BERT baseline.

Figure 8: Total energy vs. number of inference
queries across representative configurations.

BERT with FP16 precision becomes particularly attractive because its much lower inference energy
outweighs its higher training cost over time. These results show that the best efficiency strategy
depends not only on model architecture, but also on the expected deployment regime.

7 Conclusion

In this project, we investigated the energy–accuracy trade-offs of transformer-based NLP models
across both architectural and inference-time efficiency strategies. We developed a controlled bench-
marking framework that measures GPU power consumption during training and inference, enabling
direct comparison within a unified experimental setting. We evaluated several BERT-derived architec-
tural variants alongside inference-time optimizations including precision reduction, sequence length
truncation, token pruning, and early exit. Our results show that these techniques affect different parts
of the computational pipeline: architectural modifications primarily influence training energy, while
inference-time techniques shift the deployment-time energy–accuracy frontier.

Several key patterns emerge from our experiments. First, architectural compression methods such
as distillation and pruning can substantially reduce training energy while leaving inference cost
largely unchanged. Second, precision reduction consistently provides the most favorable inference-
time trade-off, yielding large energy savings with negligible impact on accuracy. Third, sequence
length truncation produces a smooth Pareto frontier between energy consumption and predictive
performance. Finally, the deployment regime analysis shows that the most efficient strategy depends
on the expected workload: architectures with lower training energy are preferable when inference
volume is small, whereas configurations with lower per-example inference energy dominate at large
deployment scales.

Several limitations should be noted. Our experiments focus on BERT-family models, which are
smaller than many contemporary language models; evaluating whether these trends hold for larger
architectures would be an important extension. In addition, the study considers a single task (SQuAD
v2), and the generality of the findings across other NLP tasks remains an open question. Some
techniques could also be explored more thoroughly. For example, more systematic pruning schedules
or improved early-exit implementations might yield different trade-offs. Finally, energy consumption
was estimated through GPU power sampling; more precise measurements could be obtained through
hardware-level power telemetry or external power instrumentation.

Future work could extend this analysis in several directions. Exploring lower-precision formats
such as FP8 or 4-bit quantization may reveal additional gains. Evaluating additional architectures,
including parameter-sharing models such as ALBERT [17], would help determine whether the
observed trends generalize across transformer families. Dynamic inference methods also warrant
further study, including improved early-exit and token pruning. Expanding the framework could help
establish systematic benchmarks for energy-efficient NLP systems.
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A Initial Experimental Framework (V1)
Prior to the final experimental design presented in this report, an earlier version of the project
(V15) was developed until the Project Milestone. This initial phase focused exclusively on the
BERT-base model [2] and inference-time efficiency techniques, and included a custom evaluation
harness designed to systematically measure performance, latency, and energy consumption across
multiple NLP tasks. Experiments were conducted on SST-26, QQP7, and SQuAD v1.18, and explored
inference-time reduction strategies, including (i) sequence length truncation via fixed maximum token
limits, (ii) encoder depth variation by retaining the first k layer, (iii) reduced floating-point precision
at inference, and their combination.

While this framework produced a substantial set of experiments and visualizations, the project
was later restructured and rebuilt from scratch in order to pursue the broader and more systematic
exploration of the energy–accuracy trade-offs in NLP systems presented in this report. Figures9-
19 in this appendix document the experiments and results produced during the V1 phase of the
project, illustrating the experimental infrastructure and exploratory analyses that informed our final
methodology.

5https://github.com/thibaudclement/nlpfrontiers-research/tree/main/v1
6https://huggingface.co/datasets/stanfordnlp/sst2
7https://huggingface.co/datasets/nyu-mll/glue/viewer/qqp
8https://huggingface.co/datasets/rajpurkar/squad
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A.1 SST-2

Sequence length truncation exhibits a wide flat region in the accuracy–energy frontier (Figure
9): reducing the maximum input length from 128 to 48 tokens decreases energy consumption by
approximately 12× while preserving accuracy. Below 48 tokens, accuracy degrades progressively.
In contrast, varying encoder depth leads to rapid and monotonic accuracy degradation (Figure
10), suggesting that depth is less redundant than input length or arithmetic precision for this task.
Numerical precision reduction from FP32 to FP16 reduces energy consumption by over 4× without
measurable accuracy loss (Figure 11). Combining precision reduction (FP16) with sequence length
truncation (48 tokens) yields approximately 28× lower energy consumption relative to the full
baseline while preserving accuracy (Figure 12).

Figure 9: SST-2: Energy-Accuracy Pareto Frontier
(Max Sequence Length).

Figure 10: SST-2: Energy-Accuracy Pareto Frontier
(Encoder Layers).

Figure 11: SST-2: Energy-Accuracy Pareto Frontier
(Inference Precision).

Figure 12: SST-2: Energy-Accuracy Pareto Frontier
(FP16 and Max Sequence Length).
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A.2 QQP

Sequence length truncation again exhibits a wide flat region in the accuracy–energy frontier (Fig-
ure 13): reducing the maximum input length from 128 to 48 tokens decreases energy consumption
by approximately 4× while preserving accuracy. Below 48 tokens, accuracy degrades progressively.
In contrast, varying encoder depth leads to substantial and largely monotonic accuracy degradation
(Figure 14), suggesting that depth remains a critical component of model capacity for this task. Nu-
merical precision reduction from FP32 to FP16 reduces energy consumption by roughly 3× without
measurable accuracy loss (Figure 15). Combining precision reduction (FP16) with sequence length
truncation (48 tokens) yields over 9× lower energy consumption relative to the full baseline while
preserving accuracy (Figure 16).

Figure 13: QQP: Energy-Accuracy Pareto Frontier
(Max Sequence Length).

Figure 14: QQP: Energy-Accuracy Pareto Frontier
(Encoder Layers).

Figure 15: QQP: Energy-Accuracy Pareto Frontier
(Inference Precision).

Figure 16: QQP: Energy-Accuracy Pareto Frontier
(FP16 and Max Sequence Length).
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A.3 SQuAD v1.1

Experiments on SQuAD v1.1 reveal that the energy–F1 trade-off is less clearly structured than in
the classification tasks with this specific evaluation pipeline. Sequence length variation produces
only modest changes in F1 despite substantial differences in energy consumption (Figure 17),
suggesting that the evaluation metric is relatively insensitive to moderate truncation within the
tested range. Numerical precision reduction from FP32 to FP16 again lowers energy consumption
without measurable impact on F1 (Figure 19). In contrast, varying encoder depth leads to large
and irregular drops in F1 (Figure 18), indicating that aggressive architectural reduction quickly
undermines extractive question answering performance. Overall, these results suggest that the
energy–F1 frontier for SQuAD v1.1 is difficult to interpret in this experimental setup, as the task
appears highly sensitive to architectural changes while remaining comparatively insensitive to several
inference-time efficiency techniques.

Figure 17: SQuAD v1.1: Energy-Accuracy Pareto
Frontier (Max Sequence Length).

Figure 18: SQuAD v1.1: Energy-Accuracy Pareto
Frontier (Encoder Layers).

Figure 19: SQuAD v1.1: Energy-Accuracy Pareto
Frontier (Inference Precision).
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