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Abstract

The computational cost of large language models (LLMs) is
a primary obstacle to sustainable deployment. Static resource
allocation is inefficient, as not all inputs require the same
depth of processing. We propose a framework for adaptive,
compute-efficient learning via conceptual criticality, which
dynamically tailors computation to the assessed difficulty of
an input. A lightweight criticality prediction module esti-
mates conceptual complexity on a continuous scale, and this
score governs the LLM’s inference pathway, selectively acti-
vating token pruning, layer skipping, and quantization. Sim-
ple inputs are processed with minimal FLOPs and latency,
while complex inputs use the model’s full capacity to pre-
serve accuracy. We benchmark our framework and introduce
metrics to quantify sensitivity to input criticality and per-
sample computational savings. Results demonstrate an im-
proved accuracy-efficiency trade-off, paving the way for more
resource-aware systems.

Code — https://github.com/ManoBharathi93/Adaptive-
Compute-Efficient-Learning- via-Conceptual-Criticality

Introduction

Large language models (LLMs) and other foundation mod-
els have achieved state-of-the-art performance across a wide
spectrum of tasks, but their growing scale has brought
mounting concerns about computational efficiency, energy
consumption, and inference latency. Recent analyses sug-
gest that inference often expends unnecessary resources on
inputs that do not require the full capacity of the model
(Pope et al. 2023; Schwartz et al. 2020). In practice, this
inefficiency limits deployment in resource-constrained set-
tings, increases environmental costs, and complicates real-
time applications. Designing systems that allocate computa-
tion adaptively and spending more resources on ‘“hard” in-
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puts and fewer on “easy” ones has therefore become an im-
portant goal in efficient machine learning.

A range of strategies has emerged to address this chal-
lenge. We propose to extend this line of work by introducing
the notion of conceptual criticality as a driver for adaptive
compute allocation. Rather than viewing difficulty solely at
the token or structural level, we frame it as an input-level
property reflecting the conceptual complexity of a task in-
stance. Intuitively, some questions or prompts demand deep
reasoning or multiple inference steps, while others can be
answered with shallow processing. By predicting criticality
in advance, using lightweight classifiers or early-layer repre-
sentations, we can guide dynamic resource allocation during
inference, routing “easy” inputs through cheap paths and re-
serving expensive computation for “hard” ones.

This perspective aligns with cognitive science findings
that human effort allocation is sensitive to task difficulty
(Kool et al. 2010; Shenhav et al. 2017), but it has not
yet been systematically incorporated into ML efficiency re-
search. Our contribution is therefore twofold: (i) we opera-
tionalize conceptual criticality as a measurable property of
inputs and (ii) we demonstrate how criticality-aware routing
can improve efficiency/accuracy trade-offs in LLM infer-
ence. This approach complements existing token-level meth-
ods and introduces a more task-aligned principle for adap-
tive computation.

Background

At the architectural level, methods such as dynamic token
routing (Alizadeh et al. 2024) and early exiting (Liu et al.
2022) selectively allocate computation within models based
on learned signals of difficulty.

At the token level, approaches like SelfBudgeter (Li et al.
2025) and TokenButler (Zhou et al. 2025) predict input-
specific token budgets, while ToSA (Wang et al. 2024)
prunes uninformative tokens through selective attention
mechanisms. These works demonstrate that adaptive allo-
cation can yield substantial FLOP savings without severely



compromising accuracy, yet they primarily rely on syntactic
or token-level heuristics.

Methodology

Our proposed framework employs a two-stage process to
achieve adaptive computation. First, a lightweight pre-
compute criticality module, implemented as an LSTM
classifier, assesses the conceptual difficulty of an input.
We validated this approach on the ag_news dataset, us-
ing entropy as a proxy for criticality to establish a proof-of-
concept. This criticality score then informs the second stage,
acting as a direct routing signal that determines the computa-
tional budget and inference path for the input in an adaptive
inference model based on a BranchyNet architecture (Teer-
apittayanon, McDanel, and Kung 2016).

We modified a standard 6-layer Transformer to include
three early exit points after layers 1, 3, and 5. During in-
ference, the model can exit at these points if its prediction
confidence exceeds a given threshold (7), bypassing the re-
maining layers. The a priori criticality score enhances this
mechanism by allowing for distinct policies for different in-
puts; for instance, “easy” inputs can be configured to use
a more lenient confidence threshold, encouraging an earlier
exit, while “hard” inputs are routed deeper. Beyond early ex-
iting, this framework enables dynamic control over other ef-
ficiency mechanisms. The criticality signal can modulate the
aggressiveness of token pruning and select different quan-
tization levels, applying the most resource-intensive, high-
precision configurations only when necessary.

To evaluate the efficiency of this framework, we mea-
sured latency, theoretical FLOPs, and empirical energy con-
sumption in Joules using the pynvml library. This holistic
approach ensures that computational expenditure is propor-
tional to an input’s conceptual demands.

Results

Our experiments demonstrate that the adaptive early-exit
framework provides substantial computational savings with
a negligible impact on model accuracy. The early-exit model
achieved an accuracy of approximately 90.7%, which is
on par with the full 6-layer baseline model. However, it
achieved this performance while reducing the average num-
ber of layers used from 6.0 down to a range of 1.04 to 3.15,
depending on the confidence threshold. This directly trans-
lated to a significant reduction in real-world energy con-
sumption. Our measurements show that the adaptive ap-
proach lowered the average energy per sample from a base-
line of 0.26 Joules to as low as 0.09 Joules, a reduction of
approximately 65%, without sacrificing performance. Fur-
thermore, the model’s accuracy remained robust across all
tested confidence thresholds, highlighting the reliability of
the early-exit predictions.

Conclusion

In conclusion, this work demonstrates a successful proof-of-
concept for a criticality-driven adaptive framework that can
drastically improve computational efficiency. Future work
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Figure 1: Accuracy vs Latency comparison between Early
Exit and Full Model. The plot illustrates the trade-off be-
tween accuracy and latency, with Early Exit achieving
higher accuracy at lower latency compared to the Full Model

will focus on implementing other planned efficiency tech-
niques, such as ToSA and quantization, and applying this
framework to larger, more complex models and tasks like
Llama-8B on the GSMS8K dataset.
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