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Abstract: - Large language models (LLMs) deliver impressive performance across diverse natural language
processing tasks, but their intensive computation and memory requirements severely restrict real-world
deployment, especially on edge devices and in latency-sensitive cloud services. Static inference pipelines
execute full layers and full tokens for all inputs, resulting in significant resource waste for simple and routine
gueries. Although dynamic inference methods have emerged to alleviate this issue, most focus only on either
layer-level or token-level optimization, and few provide reliable mechanisms to guarantee bounded
performance degradation. In this paper, we propose D?TS-LLM, a unified plug-and-play framework for
Dynamic Depth and Token Selection that achieves on-demand computational resource allocation for LLM
inference. The framework consists of a multi-dimensional lightweight perceptron for estimating input difficulty
and token importance, a joint decision module for adaptive layer activation and token-aware computation
reduction, and a lightweight performance monitor with dynamic fallback to ensure performance loss remains
within a predefined safe threshold. Extensive experiments on representative LLMs (LLaMA-7B, LLaMA-13B,
OPT-6.7B) and five common benchmarks (MMLU, GSM8K, SQUAD v2.0, CNN/Daily Mail, Alpaca)
demonstrate that D*TS-LLM reduces computational cost by 42.3%-61.3% and accelerates inference by 38.2%—
55.7% with performance loss controlled below 1%. Compared with representative state-of-the-art dynamic
inference, quantization, and cache optimization methods, our approach achieves superior efficiency-
performance trade-offs and strong cross-model and cross-dataset generalization.
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1 Introduction are executed equally for every sample. This one-
Large language models (LLMs) have become _size—fits—_all_ strategy ignores tr_le huge variance_in
foundational ~architectures in natural language input  difficulty and token importance, causing
processing, achieving breakthroughs in dialogue, severe computational redundancy, especially for
reasoning, summarization, and code generation. simple queries. For long-context scenarios, this
Since the proposal of the transformer architecture redundancy becomes even more critical, as prefill-
[1], LLMs have evolved rapidly, with models like stage latency (Time-To-First-Token, TTFT) can
LLaMA [2] demonstrating strong performance dominate the overall inference time [3].
while maintaining relative efficiency. However, To improve efficiency, recent studies have
their growing model size and transformer-based explored dynamic inference, which can be divided
structure lead to extremely high computation and into two categories: dynamic layer activation (early-
memory consumption during inference, which limits exit or layer skipping based on input complexity)
their practical deployment on edge devices and in and dynamic token selection (pruning or reducing
real-time cloud systems—especially for long- computation  for  unimportant  tokens).
context tasks where quadratic attention complexity Representative dynamic layer methods include D?
and linear KV cache growth exacerbate resource [4], Balcony [5], and SkipGPT [6], while typical
constraints [3]. dynamic token methods mclu_de Sliminfer [C_%],
Traditional LLM inference follows a static LazyLLM [7], and 1G-Pruning [8]. Despite
pipeline: all transformer layers and all input tokens progress, these methods suffer from critical
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limitations: they optimize only one dimension (layer
or token), fail to exploit joint redundancy; token
pruning often discards tokens directly, causing
semantic loss; and few provide a lightweight
mechanism to bound performance degradation. For
example, SlimiInfer [3] achieves significant TTFT
acceleration via dynamic token pruning but lacks a
unified strategy for layer-token joint optimization,
while D3 [4] focuses on position-aware depth decay
but does not address token-level redundancy.

To address these issues, we propose D*TS-LLM,
a unified framework for Dynamic Depth and Token
Selection. The core idea is on-demand resource
allocation: simple inputs use fewer layers and fewer
core tokens; complex inputs retain nearly full
computation. This design aligns with recent findings
on dynamic compute allocation, which highlight the
importance of matching computational resources to
task complexity [9].

Our contributions are summarized as follows:

1) We propose a joint dynamic optimization
framework that unifies depth adaptation
and token-aware computation, achieving
stronger efficiency than single-level
methods (e.g., [3], [4], [6]).

We design a multi-dimensional
lightweight perceptron to evaluate input
difficulty and token importance without
extra training, avoiding the computational
overhead of complex routing networks [8].
We introduce a lightweight performance
monitor and dynamic fallback mechanism
to ensure performance loss is strictly
constrained (e.g., < 1%), addressing the
reliability gap in existing dynamic
methods [3], [7].

The  framework is  plug-and-play,
compatible with Hugging Face
Transformers and vLLM [10], and
generalizes across LLM architectures,
making it suitable for dynamic workloads
that require balancing latency and
throughput [11].

2)

3)

4)

Extensive experiments show that D?*TS-LLM
significantly outperforms state-of-the-art methods in
efficiency-performance trade-off, including dynamic
token pruning [3], [7], dynamic depth methods [4],
[5], and input-guided pruning [8], making it suitable
for real-world LLM deployment.
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2 Related Work

Related work on LLM inference efficiency mainly
falls into three lines: dynamic token methods (e.g.,
Sliminfer, LazyLLM, IG-Pruning) that reduce
prefill computation, dynamic depth methods (e.g.,
D?, Balcony, SkipGPT) that adaptively execute
layers, and systems-level KV-cache optimization
(e.g., vVLLM) that improves memory management
without directly reducing FLOPs. Existing dynamic
methods typically optimize only one dimension
(token or depth) and often lack a lightweight
mechanism to bound quality degradation under
deployment constraints. D*TS-LLM fills this gap by
jointly selecting depth and token computation with a
performance-aware fallback mechanism.

3 Methodology

3.1 Overall Framework

D?TS-LLM operates in a plug-and-play manner
without modifying the original LLM weights or
structure (consistent with the transformer-based
LLM architecture proposed in [1]), consisting of
four core components: a multi-dimensional
lightweight perceptron, a joint decision module, a
dynamic computation executor, and a performance
monitor with dynamic fallback. The pipeline

processes inputs sequentially: scoring input
difficulty and token importance, computing dynamic
allocation  thresholds,  performing  adaptive

computation, and ensuring performance safety
through fallback mechanisms if needed. This design
aligns with the principles of dynamic compute
allocation [9], ensuring that resources are allocated
based on actual task complexity rather than fixed
heuristics.

3.2 Multi-dimensional
Perceptron

We design a lightweight perceptron with no extra

training requirements to evaluate two key metrics:

input difficulty and token importance. This avoids

the overhead of complex routing networks [8].

Lightweight

3.2.1 Input Difficulty Scoring

The difficulty score d (0 < d < 1) is computed by
fusing sequence length, syntactic complexity,
numerical features, and keyword density, where a
higher score indicates a more complex input. This
aligns  with  observations that longer and
syntactically complex inputs require more
computational resources [3], [7].
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3.2.2 Token Importance Scoring

Each token receives an importance score based on
attention distribution (derived from the transformer
attention mechanism [1]), positional information,
and semantic saliency, identifying core tokens that
require full computation. Unlike methods that
directly discard low-importance tokens [3], [7], we
retain non-core tokens with lightweight computation
to preserve semantic integrity, addressing the
semantic loss issue of existing token pruning
methods.

3.3 Joint Dynamic Allocation Strategy
Based on the scores from the perceptron, we
implement a joint dynamic allocation strategy for
layers and tokens, unifying the strengths of dynamic
depth [4], [5] and token selection [3], [7] methods.

3.3.1 Dynamic Depth Allocation

Based on difficulty score d, the active layer ratio is
set as t; = d, where only the top L X ¢; layers (L is
total model layers) are executed, and subsequent
layers reuse the final hidden state of the last active
layer to reduce redundancy. This position-aware
depth adaptation is inspired by D* [4], which shows
that later tokens require fewer layers, but we extend
it to input-dependent difficulty scoring rather than
fixed position-based decay.

3.3.2 Dynamic Token Computation

Instead of direct pruning [3], [7], we adopt a
lightweight computation sharing strategy: core
tokens perform full self-attention (consistent with
[1]) and FFN computation, while non-core tokens
only attend to core tokens and share FFN features.
This preserves sequence integrity while reducing
computation, similar to the block-wise sharing
mechanism in IG-Pruning [8] but with token-level
granularity.

3.4 Performance Monitoring and Dynamic
Fallback
To guarantee bounded performance loss, we design
a lightweight performance metric Pm based on
prediction entropy (lower values indicate more
stable performance) and key-token matching score
(higher values indicate better task alignment). If Pm
falls below a predefined threshold, the system
triggers dynamic fallback: first increasing the
number of core tokens, then increasing the number
of active layers, and finally reverting to full
inference if necessary. This mechanism addresses
the performance instability issue of existing
optimization methods [3], [7] and ensures reliability
for dynamic workloads [11]. Unlike complex
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fallback strategies that require extra training [5], our
approach is lightweight and training-free, making it
suitable for edge deployment.

4 Experimental Results and Analysis

4.1 Experimental Setup

We evaluate D?*TS-LLM on three representative

LLMs (LLaMA-7B, LLaMA-13B [2], OPT-6.7B)

and five diverse benchmarks (MMLU for

commonsense reasoning, GSM8K for mathematical

problem solving, SQUAD v2.0 for reading

comprehension, CNN/Daily Mail for text

summarization, and Alpaca for general dialogue).

We compare D?*TS-LLM quantitatively with the

representative baselines reported in Table 1. The

broader set of reference methods used to position

the experimental evaluation includes:

e Full inference baseline (FlashAttention2
kernel): FlashAttention2 [12]

e Dynamic token-selection methods: Sliminfer
[3], LazyLLM [7], and TokenSelect [13]

e  Dynamic depth methods: D?* [4], Balcony [5],
SkipGPT [6], and DiffSkip [14]

e Input-guided pruning: IG-Pruning [8]

e  Hybrid optimization: ANIRA [9]

e  KV-Cache optimization: vLLM [10]

The evaluation metrics include efficiency
indicators (FRR for FLOPs reduction, ISR for
inference speedup, VRR for memory reduction), and
performance indicators (Avg.Score and AScore
relative to the full baseline, as well as task-specific
scores such as F1 and Rouge-L), and a balance
indicator (EPR for efficiency-performance ratio).
Experiments are conducted on NVIDIA RTX 4090
(24GB) for edge deployment simulation and
NVIDIA A100 (80GB) for large-scale testing,
covering dynamic workloads with varying batch
sizes [11]. All benchmark metrics are reported on a
0-100 scale (percentage form) for consistency.

4.2 Core Experimental Results

4.2.1 Overall Performance

As summarized in Table 1, D*TS-LLM consistently
improves the efficiency—quality frontier over single-
dimensional baselines across €. Under different ¢
budgets, D°TS-LLM achieves 42.3%-72.1% FLOPs
reduction and 1.82x-3.55x speedup (bs=1), with the
average score decreasing from 58.6 to 56.2.
Compared with Sliminfer, it delivers comparable
speed while preserving a higher score (2.47x vs.
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2.53x; 584 wvs. 57.3). It also substantially
outperforms the depth-only baseline D? (58.7% FRR
and 2.47x vs. 42.3% FRR and 1.87x%), validating
joint depth—token optimization with performance-
aware fallback.

Table 1. Core performance comparison across
models and methods (LLaMA-7B, 32k context)
Method FRR ISR VRR AScoreAvg.Score

Model

_ (%) () (90) (90) (%)
FlashAttention2 | . \1a 75 - 1 58.8
[12]

Sliminfer [3] LLaMA-7B 552 253 489 255 57.3
D [4] LLaMA-7B 423 187 351 3.74 56.6
Balcony [5] LLaMA-7B 457 159 382 3.40 56.8
IG-Pruning [8] LLaMA-7B 48.2 148 405 476 56.0
D*TS-LLM

(Ours) LLaMA-7B 58.7 247 523 0.8 58.4
D*TS-LLM LLaMA-

(Ours) 13B 613 249 56.6 61.2
D*TS-LLM

(Ours) OPT-6.7B 439 181 364 45.4

Notes. FRR denotes FLOPs reduction rate; VRR denotes
KV-memory reduction rate. ISR (X) denotes end-to-end
inference speedup over the FlashAttention-2 baseline
under the same decoding configuration and output length.
Avg.Score is the mean score over the five benchmarks.
A Score (%) = (Avg.Score full — Avg.Score) /
Avg.Score_full X 100.

Source: created by the authors.

We observe consistent speedup trends under
long-context settings, and the robustness under
varying batch sizes is summarized in Table 2.

4.2.2 Ablation and SOTA Comparison

Figure 1 reports an ablation study on the core
components (joint depth—token decision, multi-
dimensional  scoring, and performance-aware
fallback), showing that removing any component
consistently weakens the efficiency—quality trade-
off. Compared with SOTA baselines:
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Fig. 1: Ablation study results
Source: created by the authors
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Across the five benchmarks, D?TS-LLM
consistently preserves accuracy close to the full
baseline while improving efficiency, and its
averaged score remains higher than representative
token-only and depth-only baselines under the same
32k-context setting.

Compared with representative baselines, DTS-
LLM achieves a consistently better efficiency—
quality  trade-off. Under comparable score
degradation constraints (AScore within a sub-1%
range), it yields higher VRR/FRR and a higher
average benchmark score. In addition, compared
with hybrid approaches such as ANIRA, D*TS-LLM
attains similar efficiency with substantially lower
training overhead, since it does not rely on complex
supervision.

As shown in Figure 2, D?*TS-LLM lies in the
favorable region of the AScore-FRR trade-off
compared with the representative baselines. For
example, on LLaMA-7B with 32k context length,
D?TS-LLM achieves 58.7% FRR with AScore =~
0.68%, while SlimInfer achieves 55.2% FRR with
AScore = 2.55%, and D? achieves 42.3% FRR with
AScore = 3.74%.
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Fig. 2: Trade-off between AScore and FRR
Source: created by the authors

4.2.3 Robustness and Generalization

The framework demonstrates strong robustness and

generalization:

e It performs stably under different performance
constraints (€=0.5%/1%/2%/5%), adapting to
dynamic workloads [11] by adjusting fallback
thresholds.

e It generalizes well to unseen datasets (WikiQA,
MathQA), outperforming ANIRA [9] by 7%
9% in score, as the multi-dimensional
perceptron captures generalizable difficulty
patterns.
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e |t supports various batch sizes (1/4/8) in cloud
scenarios, maintaining efficiency gains across
workload variations [11].

e Parameters calibrated on LLaMA-7B [2] can be
directly transferred to LLaMA-13B [2] and
OPT-6.7B with minor performance drop (<1%),
showing strong cross-model generalization
similar to Balcony [5].

Table 2. Robustness test under different
performance constraints and batch sizes
Performance Avg. Batch Batch Batch

Constraint ';;F; Score Size Size= Size =

(2) (%) =1 4 8
£€=0.5% 42.3 58.6 1.82x 2.15x 2.37x
£=1.0% 587 58.4 2.47x 2.89x 3.12x
£€=2.0% 65.3 57.5 2.98x 3.42x 3.65x%
£€=5.0% 721 56.2 3.55x 3.98x 4.22x

Source: created by the authors
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~
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Fig. 3: Throughput comparison across batch sizes
Source: created by the authors.

As shown in Figure 3, D?*TS-LLM maintains
consistent throughput advantages across different
batch sizes compared with the representative
baselines. Case analysis on simple, medium, and
complex math problems further validates the on-
demand resource allocation strategy, which is more
adaptive than fixed-ratio optimization methods [3],
[7] and position-based depth decay [4].

5 Discussion and Conclusion

5.1 Discussion

The effectiveness of D*TS-LLM stems from three
key factors: the synergistic effect of joint depth and
token optimization (addressing the limitations of
single-dimensional methods [3], [4], [7]), the score
of multi-dimensional lightweight scoring (avoiding
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the overhead of [8]), and the reliability of

performance-aware fallback for real-world safety

(filling the gap in [3], [8]). Compared with existing

works, our framework offers several advantages:

e It unifies dynamic depth and token selection,
achieving higher efficiency than single-
dimensional methods [3], [4], [6], [7].

e It requires no extra training or complex
optimization,  reducing  deployment  cost
compared with [5], [15], [16].

e It supports dynamic workloads [11] and cross-
model generalization [5], making it suitable for
diverse deployment scenarios.

Despite its strengths, the framework has
limitations: it currently supports only autoregressive
decoding (consistent with most mainstream LLMs
[2]), and the token sharing strategy can be further
refined. Future work will extend to non-
autoregressive decoding and integrate quantization
[17] and KV-Cache optimization [10] for hybrid
acceleration, similar to the direction proposed in
[15], [16]. Broader impacts include providing a
practical solution for efficient and safe LLM
deployment on edge and cloud platforms [5], [11],
and inspiring further research on dynamic
computation allocation for multi-modal models [9].

5.2 Conclusion

We proposed D?*TS-LLM, a unified dynamic
inference framework that jointly optimizes model
depth and token computation for LLMs based on the
transformer architecture [1]. With a multi-
dimensional lightweight perceptron and
performance-aware fallback mechanism, our
method achieves substantial efficiency
improvements while strictly bounding performance
loss. Extensive experiments on representative
models [2] and datasets demonstrate its
effectiveness and superiority over state-of-the-art
approaches [3], [4], [5], [6], [7], [8], [9], [11]. D*TS-
LLM is plug-and-play, generalizable, and suitable
for real-world LLM deployment scenarios,
including dynamic workloads [11] and resource-
constrained edge devices [5].

Declaration of Generative Al and Al-assisted
Technologies in the Writing Process

During the preparation of this work, the author(s)
utilized artificial intelligence (Al) technologies
solely for the purpose of linguistic refinement and
grammatical correction. Following the application
of these tools, the author(s) comprehensively
reviewed, verified, and edited the resulting text. The
author(s) maintain  full  accountability and
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