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Résumé

Cet article présente une approche modulaire pour accé-
lérer U'inférence des modéles de langage de grande taille
(LLMs) en ajoutant des tétes de sortie anticipée (« early
exit heads ») aux couches intermédiaires du transformer.
Chaque téte est entrainée de maniére auto-supervisée pour
imiter les prédictions du modéle principal, permettant ainsi
d’interrompre le calcul dés qu’un seuil de confiance calibré
est atteint. Nous évaluons plusieurs métriques de confiance
et démontrons que l’entropie offre la séparation la plus
fiable entre les prédictions correctes et incorrectes. Des ex-
périences menées sur la suite de modeles Pythia (de 70M
a 2,8B de parametres) montrent que notre méthode réduit
considérablement le coiit d’inférence tout en maintenant la
précision sur plusieurs benchmarks. Nous adaptons ensuite
cette approche au décodage spéculatif en introduisant le «
Dynamic Self-Speculative Decoding » (DSSD), qui atteint
un taux d’acceptation de jetons 1,66 X supérieur aux réfé-
rences LayerSkip ajustées manuellement, avec un réglage
minimal des hyperparametres.
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Abstract

This paper presents a modular approach to accelerate in-
ference in large language models (LLMs) by adding early
exit heads at intermediate transformer layers. Each head
is trained in a self-supervised manner to mimic the main
model’s predictions, allowing computation to stop early
when a calibrated confidence threshold is reached. We eva-
luate several confidence metrics and show that entropy pro-
vides the most reliable separation between correct and in-
correct predictions. Experiments on the Pythia model suite
(70M to 2.8B parameters) demonstrate that our method si-
gnificantly reduces inference cost while maintaining accu-
racy across multiple benchmarks. We further adapt this ap-
proach to speculative decoding, introducing Dynamic Self-
Speculative Decoding (DSSD), which achieves 1.66x hi-
gher token acceptance than manually-tuned LayerSkip ba-
selines with minimal hyperparameter tuning.
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1 Introduction

Large language models (LLMs) have become central to ad-
vancing capabilities in natural language processing (NLP),
delivering remarkable performance across a range of tasks.
The trend towards scaling up these models correlates stron-
gly with improved performance, understanding, and gene-
rality. This relationship has been formalized through em-
pirical scaling laws, which demonstrate that model perfor-
mance improves predictably with increased model size, da-
taset size, and compute budget [ 6, | 3]. However, the com-
putational cost associated with these larger models is sub-
stantial, often necessitating the use of powerful server in-
frastructure [2”]. This not only limits local usability but
also raises significant privacy concerns and requires consi-
derable investment to scale in response to user demand. So-
lutions exist to reduce the computational demands of these
models, but they often impact the model’s performance by
reducing its accuracy [ |].

Despite their effectiveness, these models often operate in-
efficiently. The nature of language itself contributes to this
inefficiency ; namely, not all tokens generated during the in-
ference process contribute equally to the overall meaning or
require the same level of computational resources. Some to-
kens are inherently simpler and can be predicted with high
confidence early in the computation process, while others,
contributing more significantly to the context or meaning,
may require deeper processing.

In response to these challenges, we develop a method that
can be easily integrated into existing pre-trained models to
enhance their inference speed without extensive retraining.
Our solution focuses on the strategic placement of early exit
"heads" [, 2¢] within the transformer layers of an LLM.
These heads terminate the inference process when a cali-
brated confidence threshold is met, based on the complexity
and predictability of the token being processed.

Our contributions are twofold :

1. We provide a detailed experimental study and mo-
dular framework for training and deploying early
exit heads on top of LLMs. We analyze multiple
training strategies, confidence metrics, and demons-
trate scalability across model sizes from 70M to
2.8B parameters on the Pythia suite.



2. We adapt our early exit mechanism to speculative
decoding, introducing Dynamic Self-Speculative
Decoding (DSSD), which achieves 1.66x hi-
gher token acceptance rates than manually-tuned
LayerSkip baselines while requiring minimal hyper-
parameter tuning—only a single accuracy threshold
€.

2 Related Work

Transformers [*”] scaled into today’s LLM families such
as BERT, GPT-3, PaLM, LaMDA, LLaMA and OPT [7, 3,
, 29, 30, 39], powering vision [©], speech [ !] and mul-
timodal models. Their billion-parameter footprints, howe-
ver, make every token generation costly. Static compres-
sion—quantisation, pruning and distillation [25, 27, 38, | 1,
, | ]—slashes model size but still expends identical com-
pute on easy and hard inputs. Early-exit methods address
this imbalance by attaching lightweight classifiers to inter-
mediate layers and halting computation once a confidence
criterion is met.
In computer vision, BranchyNet [?¢] and MSDNet [!4]
or EERO methodology [ ] established the two key com-
ponents still used today : deeply supervised branches and
an entropy-based exit rule. Transferring the idea to Trans-
formers, DeeBERT and The Right Tool calibrated soft-
max confidence to save up to 5Hx latency with negligible
loss [25, 74]. FastBERT distilled the final head into earlier
exits [20], PABEE demanded k consecutive agreeing pre-
dictions instead of a threshold [/()], and BERXiT learned
an explicit when-to-exit module while alternating fine-tune
schedules [$0]. Skip/SmartBERT added trainable gates that
may bypass whole layers, combining skipping with exiting
for 2—4x cheaper inference [ %, 5].
Early exit for sequence-to-sequence generation is newer.
Depth-Adaptive Transformers first applied exits to neural
MT [Y]; FREE and DEED refined token-level uncertainty
estimates [ <, 2 7/]. Recent evidence shows exits remain ef-
fective inside 13 B-parameter LLaMA-2 and GPT-J [19],
suggesting scalability to modern LLMs.
Speculative decoding [!7, ] accelerates LLM inference
by using a smaller draft model to generate candidate to-
kens, which are then verified in parallel by the target mo-
del. LayerSkip [! (] combines this with early exits, using
intermediate layers as draft models. However, LayerSkip
requires exhaustive hyperparameter search over both head
selection and speculation length. Our DSSD method ad-
dresses this limitation by adaptively selecting exit layers
based on calibrated confidence.
Our work inherits the plug-and-play nature of DeeBERT-
style branches, borrows the self-supervised signal of Fast-
BERT, and scales token-level exits to different architecture
sizes. We train exit heads without extra data—using the mo-
del’s own probabilities—then calibrate a single threshold
on a held-out set a la conformal prediction [3]. Unlike
layer-skipping approaches, the backbone weights remain
frozen, guaranteeing monotonic accuracy with deeper com-
putation.

3 Methodology

This section details our methodology for integrating and
utilizing early exits within large language models (LLMs)
to enhance computational efficiency during inference. The
approach is designed to be generalizable and, while we de-
monstrate its application using the Pythia suite, it is appli-
cable to any multi-layered transformer model. This adapta-
bility ensures that our methodology can be leveraged across
a broad spectrum of modern LLMs, enhancing their usabi-
lity without requiring significant modifications to their un-
derlying architectures.

3.1 Definitions and Notation

We introduce here the main notations used throughout the
paper.
Vocabulary. Let V denote the vocabulary, a finite set of to-
kens :

V= {v1,v2,..., 0},

where | - | denotes cardinality of sets.

Dataset. We consider a dataset D of N examples, where
each example is a sequence of tokens :

D={xN = x= (chl), . 795(53), atg-l) ev.

A subset D.,; C D is reserved as a calibration set, the rest
being used for training.
Each sequence x(*) can have a variable length L;. The to-
tal number of tokens in the dataset is M = Zf\; L;,
with M > N in general. Similarly, the calibration set D,
contains N, examples and a total of M, tokens.

Language model. A large language model (LLM) is a
function fy parameterized by 6, mapping a sequence of to-
kens to a sequence of probability distributions over the vo-
cabulary :

f9:(mla"'7xL)'_>(pl7"'7pL)7 ptEA‘V|7

where AVl is the probability simplex over V.

Objective. Given an input sequence x = (z1,...,x1) €
VL, the target sequence is y = (y1,...,yr) € VI with
yp = X441 (i.e., the next-token prediction task).

Early exit heads. We introduce K early exit heads, each
defined as a function hj (with its own parameters, but sha-
ring the backbone with fy) that maps a sequence of L to-
kens to a sequence of probability distributions :

hi (21, 2n) = (Prts -+ Prz),  Pre € AV
All early exit heads share the same backbone, so most of
their parameters are shared with the main model.

Confidence metric. A confidence metric is a function c :
AVl 5 R that assigns a real-valued confidence score to a
probability vector (e.g., ¢(p) = max; p;).



Accuracy threshold e. The parameter € € [0,1] controls
the minimal desired accuracy for early exit decisions. For
each early exit head, a prediction is only output if its confi-
dence metric exceeds a calibrated threshold corresponding
to at least ¢ empirical accuracy on a held-out calibration
set. Lowering € increases speedup at the cost of potential
accuracy loss, while higher e enforces stricter correctness
guarantees.

The above definitions give a precise, token-level view of the
model outputs and their interaction with early-exit logic;
they will serve as the foundation for the training objectives,
calibration techniques, and inference algorithms described
in the following sections.

3.2 Implementation Details

To enhance the inference efficiency of large language mo-
dels, we incorporate early exit "heads" into a pre-existing
model, in this instance, the Pythia suite []. These heads are
implemented at regular intervals along the network. Struc-
turally, each head is a simple multi-layer perceptron (MLP)
identical to the final classification head of the model. Each
of these head takes as input hidden features from a transfor-
mer block inside the model.

Placement of early—exit heads. Let the transformer
backbone consist of L stacked blocks, indexed 7 =
{1,2,...,L}, and let K denote the desired number of
early—exit heads. To distribute the heads uniformly while
keeping the final classification layer untouched, we attach

head k € {1,..., K} to the block whose index is
O = [LLJ k=1,... . K (1)
k — K+1 ) — Ly ey BXe

Equation (1) simply divides the layer indices into K + 1
equal segments and selects the endpoint of each segment
(rounded down to the nearest integer) as a branch location.
In our experiments we set K = 4; hence the heads are
inserted at ¢}, € {| L], [2£], |3&], [4L]}.

For the implementation of these heads, we experimented
with two initialization strategies : initializing the heads
from scratch and copying the final classification head in
order to fine-tune it. The difference between the two are
analyzed in Section 4. With the architectural choices esta-
blished, we next describe the data and objectives used to
train the early exit heads.

3.3 Training data and objectives

Corpus. All auxiliary heads are trained on MINIPILE [ 5],
a 6-GB stratified subset of the original §25-GB THEPILE-
DEDUPLICATED [!”] dataset that was employed for pre-
training the PYTHIA backbone [”]. Using the same data dis-
tribution avoids the distribution-shift issues that often ap-
pear when auxiliary classifiers are fitted post-hoc.

Losses. For the whole predicted sequence §, we can com-
pute different losses depending on the objectives. We de-
fine the cross-entropy loss and the Kullback—Leibler diver-
gence between the predicted probability distribution ¢ and

the ground-truth labels y as follows :

L
. 1 .
‘CCE(Y? y) = -7 Z 1{y("):v} log(ygt))v
t=1veY
LxL(¥ly) = Z > 9 log —
t 1 vey

In the context of self-supervised training, we consider the
Kullback-Leibler divergence where the target y is replaced
by the output of the main model fy. Thus, the loss Lxi,
becomes :

LxL(Y|]fo) =

LZZyU o8 7

t=1vey

The cross-entropy loss Lcg is used when considering a su-
pervised training objective. It matches how the main model
is trained and can be used to train the heads as well. The
Kullback-Leibler divergence L. is used when considering
a self-supervised training objective. It encourages the early
exit heads to mimic the full probability distribution of the
main model, which can be useful for improving the perfor-
mance of the early exits. From this, we consider three trai-
ning objectives obtained from the above building blocks :

— Supervised (Ly,). Purely next-token cross-entropy
against ground-truth labels, that is, Lsp = LcE;

— Self-supervised (L ). KL divergence that encou-
rages each head to mimic the teacher’s full probabi-
lity distribution, that is, Leer = Lk}

— Hybrid (Liy). The sum of the two losses above,
weighted by coefficients o € (0, 1), that is, Lpyp, =
alcg+ (1 - Oé) LxL.

As reported in Section 4, the self-supervised objective
(Lserr) yields the most faithful approximation of the tea-
cher’s behavior while preserving calibration, and therefore
constitutes our default choice for all subsequent experi-
ments.

3.4 Calibration and Inference

After training the early exit heads, the next crucial step in-
volves calibrating and using these heads during model in-
ference. This process is divided into two main stages : cali-
bration of the confidence thresholds and the application of
these thresholds during inference.

3.4.1 Calibration of Confidence Thresholds

In our approach, we evaluated three different confidence
metrics for calibrating early exit thresholds : (1) maximum
probability, (2) entropy of the predicted distribution, and
(3) the difference between the top two probabilities ("brea-
king ties"). To determine which metric best separates cor-
rect from incorrect predictions, we analyzed their ability to
discriminate between right and wrong outputs using ROC
(Receiver Operating Characteristic) curves (Figure 1).

After training, we computed the ROC curves for each me-
tric by plotting the true positive rate against the false posi-
tive rate as the threshold varies, using the predictions from



the early exit heads. This analysis was performed across six
Pythia models, ranging from 70M to 2.8B parameters. The
results are summarized in Figure |, which displays the ROC
curves for all metrics and models.

Our findings consistently show that entropy outperforms
the other metrics in every case, achieving a higher area un-
der the curve (AUC) regardless of model size. This indi-
cates that entropy provides a more reliable separation bet-
ween correct and incorrect predictions, making it the most
effective metric for threshold calibration in our early exit
framework. Furthermore, we observe that the AUC of the
entropy metric tends to increase with model size, sugges-
ting that early exit mechanisms become even more effective
as the underlying model grows larger.

Pythia-70M_SSEE Pythia-160M_SSEE Pythia-410M_SSEE

True Positive Rate
True Positive Rats

False Positive Rate
Pythia-1B_SSEE

False Positive Rate
Pythia-1.4B_SSEE

False Positive Rate
Pythia-2.8B_SSEE

True Positive Rate
True Positive Rats

10

04 08 02 04 06 o8 04 08
False Positive Rate False Positive Rate False Positive Rate

—— Confidence Score Confidence Margin  —— Entropy (Lower is better)

FIGURE 1 — ROC curves for three confidence metrics across
six Pythia models (70M to 2.8B). Entropy consistently
achieves the highest AUC.

To calibrate the confidence thresholds, we perform a full
epoch over our calibration dataset. For each example in the
calibration set and for each early exit head, we compute the
head output for every token in the sequence, then apply the
confidence metric c to each token output, and store all these
scores in a global vector ¢ € RMea | where My, is the total
number of tokens in the calibration dataset.
Correspondingly, let t;, be a binary vector of length My
where each element corresponds to the correctness of the
prediction associated with the respective element in cy.
Specifically, ty ; is 1 if the j th prediction at head k matches
the j*" prediction of the underlying model fj(x), otherwise
0:

tk,j = ]l{arg max pg,; =arg max pe,;

[ 1 if argmax(py,;) = argmax(pe,;) )
~ 1 0 otherwise

To determine the confidence threshold for each early exit
head, we utilize the calibration set to empirically estimate
the relationship between the confidence metric and predic-
tion correctness. Specifically, for each head k, we sort the
calibration metric values in ascending order. Given a user-
specified confidence level € € [0, 1], which represents the
minimum desired proportion of correct predictions above

the threshold, we identify the smallest metric value such
that the proportion of correct predictions among all samples
with higher (or equal) metric values is at least e. This proce-
dure ensures that, during inference, predictions made with a
confidence metric exceeding the threshold are correct with
probability at least €, thereby providing a principled trade-
off between computational efficiency and predictive accu-
racy. Formally, the threshold for each head is defined as fol-
lows.

Recall that ¢, and t; denote, respectively, the vectors
of confidence metric values and correctness indicators
for head k, as defined in equation (2). To proceed, we
jointly sort these vectors in ascending order according to
the values in cg, resulting in ordered sequences c; =
(C;g71, CE,2, - - - 7Ck7]\/—{ca]) and t, = (tk71, tro, ... ’tk;Mcal)
such that ¢ 1 < cpo < ... < cipy-

We then define j as the smallest index for which the propor-
tion of correct predictions among all samples with confi-
dence at least ¢y, ; meets or exceeds the target confidence

level € : o
S Tk,i
# > e.
Mcal —J + 1
Then, let the threshold 75, be defined as :

TE = Ck,j"

In other words, 73, is the value of the confidence metric at
the index 7, where j is the smallest index such that the pro-
portion of correct prediction in the remaining samples is at
least e.

3.4.2 Inference Process

After establishing the confidence thresholds for each early
exit head through the calibration process, the model is then
ready to utilize these thresholds during the inference phase
to efficiently process new inputs.

During inference, each input x is sequentially processed
through the model’s layers, with the possibility of early ter-
mination at any of the early exit heads hy. For each head
ke {1,2,...,K}, we compute :

Pr = hi(x),
k= c(Pr)-
We then return py, as output from the model if :
Ck > Tk

If no head satisfies this inequality, we return pyg.

This calibrated and threshold-driven early exit mechanism
allows the model to balance efficiency with accuracy, ensu-
ring that resource-intensive computations are only perfor-
med when necessary.

4 Experiments and Results

We organize our experimental evaluation into two comple-
mentary parts ', First, we evaluate calibrated early exits on

1. All computations are run on a server with an Intel(R) Xeon(R) Gold
5120 CPU and a Tesla V100 GPU with 32GB of Vram and 64GB of
RAM. Code used in experiments to train and evaluate can be found un-
der : https ://anonymous.4open.science/r/BranchyLLM-B870



standard inference tasks using the Pythia suite (70M-2.8B
parameters). We describe the training process for early exit
heads and analyze how accuracy-speedup trade-offs scale
across model sizes on benchmark tasks. Second, we extend
our method to speculative decoding, introducing Dynamic
Self-Speculative Decoding (DSSD), which eliminates the
need for manual hyperparameter tuning. Throughout our
experiments, we use Pythia as a representative example
that allows us to scale according to hardware capabilities,
though our approach is theoretically applicable to any lan-
guage model architecture.

4.1 Training

In the training phase, we systematically compared the three
loss functions described in Section 3.2 : supervised (cross-
entropy), self-supervised (KL divergence to the main mo-
del’s output), and a hybrid of both. Our primary goal was
to select a training objective that enables early exit heads to
best approximate the main model’s predictions while also
providing meaningful uncertainty estimates.

We found that the self-supervised loss, which encourages
each early exit head to mimic the output distribution of the
main model, consistently led to the best alignment with the
main model’s predictions. This loss not only matches the
output probabilities but also preserves the calibration pro-
perties necessary for reliable early exits.

Additionally, we experimented with two initialization stra-
tegies for the early exit heads : (1) copying the weights
from the main model’s final classification head (Im_head),
and (2) random initialization. When the early exit heads are
initialized by copying the Im_head, they start with a lower
loss and initially perform better. However, as training pro-
gresses, the randomly initialized heads quickly overtake the
copied ones in both loss and performance.

A key observation is that heads copied from the Im_head
tend to be overconfident, even when making incorrect pre-
dictions. This results in low entropy outputs and a lack
of meaningful uncertainty, which is detrimental for early
exit decisions. In contrast, randomly initialized heads, when
trained with the self-supervised loss, develop a better no-
tion of uncertainty, producing higher entropy outputs when
unsure. This property is crucial for effective early exit me-
chanisms, as it allows the confidence metric to reliably dis-
tinguish between correct and incorrect predictions.

For our training experiments, we launch training with the
self-supervised loss described above on all Pythia models
from 70M to 2.8B parameters. We use a learning rate of
5 x 107" and train on 500,000 examples sampled from the
MiniPile dataset. Four early exit heads are added at the lo-
cations described in the Methodology section.

4.2 Inference

For the inference evaluation, each model is evaluated with
different values of the confidence threshold parameter e,
ranging from 0.5 to 1.0 in increments of 0.05. This sys-
tematic sweep allows us to analyze the trade-off between
computational savings and predictive accuracy.

We follow the same set of benchmarks as the original Pythia

Pythia-70M
—e— Pythia-160M
—e— Pythia-410M
50 —e— Pythia-18
—e— Pythia-1.48
—e— Pythia-2.88

40

Speedup (%)

10 0.9 0.8 0.7 0.6 0.5
Accuracy threshold (¢)

FIGURE 2 — Speedup vs. confidence threshold ¢ for dif-
ferent Pythia model sizes.

paper : WSC, Winogrande, SciQ, PIQA, LogiQA, LAM-
BADA_OpenAl, ARC Easy, and ARC Challenge. For each
benchmark and each value of €, we report both the bench-
mark score and the mean output layer, translated to a spee-
dup percentage.

TABLE 1 — Benchmarks results for Pythia-2.8B. Each line
corresponds to a value of € ranging from 0.5 to 1.0 in steps
of 0.05 (top to bottom), with the bottom line being the ba-
seline (¢ = 1). More benchmarks available in the appendix.

€ Speedup winogrande piqa

0.50 58.6% 0.541 +£0.014  0.615 +0.011
0.55 51.2% 0.564 +0.014  0.635 £ 0.011
0.60 43.7% 0.565 +0.014  0.643 +0.011
0.65 36.2% 0.565 £0.014  0.668 £ 0.011
0.70 30.3% 0.586 +0.014  0.681 +0.011
0.75 25.0% 0.579 £0.014  0.690 £ 0.011
0.80 20.2% 0.574 £0.014  0.707 £ 0.011
0.85 15.8% 0.579 £0.014  0.719 £ 0.010
0.90 12.0% 0.571 £0.014  0.730 + 0.010
0.95 7.6% 0.572 £ 0.014  0.733 £ 0.010
1.00 0.0% 0.571 £ 0.014  0.742 + 0.010

The results of the benchmark on Pythia-2.8B are shown in
Table 1. The results for the other model sizes are provided
in the appendix.

Our results show that for some benchmarks, such as Wi-
nogrande and WSC, the reduction in computation has little
to no effect on accuracy, even with aggressive early exi-
ting. However, some benchmarks experience a drop in per-
formance when using very aggressive thresholds (lower €).
Despite this, for moderate values of ¢, the benchmark scores
remain close to those of the main model, while achieving
speedups between 10% and 20% depending on the model
size.

Interestingly, we observe that smaller models in the Py-
thia suite, such as the 70M and 160M parameter variants,
can even show improvements on certain benchmarks when
early exits are used aggressively. This suggests that early
exit mechanisms may help regularize smaller models or mi-
tigate overfitting in some cases.

Beyond benchmark results, we also observe that the spee-
dup achieved by early exit increases with the size of the



model. Larger models benefit more from early exit, with
greater computational savings for the same threshold va-
lues. This effect may be explained by several factors : (1)
the relative size of the early exit heads becomes less signi-
ficant as model size increases, and (2) the intermediate fea-
tures in larger models may provide better representations,
enabling more accurate early predictions. This trend is illus-
trated in Figure 2, which shows the speedup as a function
of the threshold for all model sizes.

All detailed tables of benchmark scores and speedup for
each model and threshold are provided in the appendix.
While our results demonstrate the effectiveness of early
exits, it is important to consider the limitations and broa-
der impacts of this approach.

To address the accuracy drops observed with aggressive
early exiting while maintaining computational efficiency,
we adapt our calibrated early exit mechanism to specula-
tive decoding. This approach allows us to achieve signifi-
cant speedups without compromising the final output qua-
lity, as the full model verifies all predictions.

4.3 Dynamic Early Exit for Speculative De-
coding

Having established the effectiveness of calibrated early
exits for single-token prediction, we now extend our me-
thod to speculative decoding—a technique where a faster
draft model proposes multiple tokens that are then verified
in parallel by the full model. This approach, exemplified
by LayerSkip [ /0], can significantly accelerate autoregres-
sive generation. However, LayerSkip requires practitioners
to manually tune two coupled hyperparameters : (i) which
intermediate head/layer to use for drafting, and (ii) how
many tokens to speculate per round. Finding optimal set-
tings often requires exhaustive grid search across prompts
and tasks, with 24 configurations tested in our experiments.
Our key contribution is to replace these two discrete knobs
with a single continuous accuracy threshold ¢ € [0,1],
leveraging the same calibrated entropy-based exit mecha-
nism from Section 3.4.1. The key insight is that per-token
confidence naturally determines both where to exit (head
selection) and when to stop drafting (adaptive speculation
length). This unified approach, which we call Dynamic
Self-Speculative Decoding (DSSD), eliminates manual tu-
ning while achieving superior acceptance rates : on Pythia-
2.8B, DSSD reaches 88.8% acceptance at ¢ = 0.9 compa-
red to LayerSkip’s best of 53.6%, a 1.66 x improvement.

4.3.1 DSSD Algorithm

DSSD extends the inference procedure from Section 3.4.2
to multi-token drafting :

Drafting phase. Starting from the current context, we eva-
luate early-exit heads sequentially from shallowest to dee-
pest. For each position, we select the first head k whose en-
tropy H(pr) < 7(e) falls below its calibrated threshold.
We append the predicted token to a draft buffer and conti-
nue until : (i) the buffer reaches a preset limit (e.g., 32 to-
kens), (ii) an end-of-sequence token is generated, or (iii) no
head meets the confidence threshold, triggering a fallback

100 0 1 [ '
[ HO (L6) I H2 (L18)
[ H1(L12) @50 H3(L24)

)
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FIGURE 3 — Adaptive head selection : token distribution
across heads HO(L6), H1(L12), H2(L18), H3(L24) at dif-
ferent accuracy thresholds e, where notation H;(L;) indi-
cates head 7 at layer j. As € decreases, the system shifts
from primarily using HO to a balanced mix across all heads.

to the full model. This produces a variable-length draft se-
quence whose length adapts to local token difficulty.

Verification phase. We pass the entire draft buffer through
the full model in a single forward pass, obtaining target pre-
dictions for all positions simultaneously. We then compare
each drafted token with the corresponding full-model pre-
diction : accepted tokens are committed to the output, while
the first mismatch triggers an immediate rewrite with the
full-model token. This produces an atomic commit of the
accepted prefix. The mean number of accepted tokens per
verification round acts as an implicit, adaptive speculation
budget.

Comparison to LayerSkip. In LayerSkip, practitioners
fix a single head (e.g., layer 6) and a speculation length
(e.g., 10 tokens) for all contexts. Our method dynamically
chooses the head on a per-token basis and automatically ad-
justs the effective speculation length through the acceptance
mechanism, adapting to context difficulty without manual
intervention.

4.3.2 Experimental Design

We evaluate DSSD on Pythia-2.8B with 200-token greedy
decoding, comparing :
— DSSD (ours) Accuracy sweep € €
{0.5,0.55,0.6,0.65,0.7,0.8,0.9} (7 levels).
— LayerSKkip (fixed) : Exhaustive grid search over 4
heads x 6 speculation lengths (24 configurations).
Experiments use prompts sampled from our dataset to test
the method across diverse topics.

4.3.3 Results and Analysis

Superior acceptance with lower overhead. DSSD at ¢ =
0.9 achieves 88.8% acceptance rate—1.66x better than
LayerSkip’s best (53.6%). This improvement translates di-
rectly to reduced wasted computation : DSSD discards only
8 tokens versus LayerSkip’s 128 tokens, a 14x reduction
in waste. Figure 3 illustrates this adaptive behavior.

Understanding layer concentration. An important obser-
vation from Figure 3b is that mean exit layers concentrate



100

80

T

60 Q’

s
¢
14
¢

40

Acceptance Rate (%)

20

LayerSkip
= = DSSD (Pareto Frontier)

o

5.0 7.5 10.0 12.5 15.0 17.5 20.0 22.5 25.0
Mean Exit Layer

FIGURE 4 — Acceptance rate vs mean exit layer during draf-
ting across all configurations. The dashed green line traces
DSSD’s frontier (diamonds), while LayerSkip configura-
tions (circles) are dominated. The star highlights DSSD at
e = 0.9, achieving 88% acceptance with only 13.6 mean
exit layers.

in a relatively narrow range (10.9-13.6 across all € values),
spanning only 2.74 layers despite having 4 discrete exit
points at [6, 12, 18, 24]. This concentration is expected
and optimal rather than anomalous : (i) only 4 discrete exit
points naturally limit the range, (ii) calibrated thresholds
steer tokens toward heads H1-H2 (layers 12-18) as these
offer the best efficiency-quality trade-off, and (iii) the nar-
row span represents successful optimization—the system
has identified that most tokens benefit from moderate depth.

4.3.4 Summary

Our dynamic early-exit controller unifies head selection and
speculation length into a single accuracy threshold e, elimi-
nating exhaustive hyperparameter tuning. Across 31 confi-
gurations tested on Pythia-2.8B, our method demonstrates :
— Superior acceptance : 1.66x higher than best
LayerSkip (88.8% vs 53.6%)
— Reduced waste : 14 x fewer discarded tokens (9 vs
128)
— Earlier exit : 10.4 layers shallower on average (13.6
vs 24.0)
— Zero tuning : Single threshold vs 2D grid search
As model size increases and exhaustive search becomes
prohibitive, the automatic adaptation to token difficulty po-
sitions DSSD as a scalable, user-friendly alternative to fixed
speculative strategies.

5 Limitations and Potential Impacts

While our early exit approach enables acceleration of large
language models, the speedup gains without DSSD can re-
main modest when aiming to preserve the original LLM’s
accuracy. However, we observe that for certain benchmarks,
early exits do not lead to any noticeable degradation in ac-
curacy, even with significant acceleration.

Another important trend highlighted by our experiments is

that the speedup obtained through early exits tends to in-
crease with model size. Larger models appear to benefit
more from this mechanism, both in terms of computatio-
nal savings and in the stability of their predictions under
early exit. Nevertheless, due to our limited computational
resources, we were unable to train and evaluate early exit
models on the largest architectures available. Confirming
and further exploring this trend would require access to
greater computing power.

6 Conclusion

In this work, we introduced a modular early exit mecha-
nism for large language models, allowing inference to ter-
minate early based on calibrated confidence metrics. Our
approach is easy to integrate into existing transformer archi-
tectures and does not require retraining the backbone mo-
del. Through extensive experiments on the Pythia suite, we
demonstrated that early exits can provide significant infe-
rence speedups, especially for larger models, while main-
taining high accuracy on several benchmarks.
Furthermore, we introduced Dynamic Self-Speculative De-
coding (DSSD), which integrates calibrated heads into a
speculative decoder to achieve 1.66x higher token accep-
tance rates compared to manually-tuned LayerSkip base-
lines. The zero-tuning property and automatic adaptation to
token difficulty make DSSD particularly attractive for prac-
tical deployment.

Overall, our findings suggest that exploiting the natural va-
riability in token difficulty is a promising direction for acce-
lerating large language models. We encourage the commu-
nity to build upon this work, exploring new strategies and
applications to enable efficient and scalable deployment of
LLMs in real-world, resource-constrained environments.
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