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Abstract

In speculative decoding, direct optimization of
the acceptance rate through LK losses (Samarin
et al., 2026) has proven to be more effec-
tive than the standard approach of training the
draft head through KL divergence minimiza-
tion against the target’s output distribution, as
the acceptance rate is what ultimately governs
inference speedup. However, prior approaches
have either jointly trained the draft head and
target model without directly targeting accep-
tance rate, or optimized the acceptance rate on
the draft head alone while keeping the target
frozen. We propose Halfway Speculative De-
coding, which extends LK loss optimization to
both models jointly, using cross-entropy loss to
regularize the target model and prevent quality
degradation. We study how speculation metrics
and target quality scale with training budget by
training separate model instances on increasing
numbers of training examples and evaluating
across several benchmarks.

1 Introduction

The speculative decoding acceptance rate is gov-
erned by the TV distance between the draft and
target distributions. However, the standard train-
ing objective has been using KL divergence as a
proxy. While minimizing KL divergence does re-
duce distributional discrepancy, draft heads con-
verge to suboptimal points where KL progress does
not guarantee TV improvement.

Furthermore, most prior approaches shift only
the drafter distribution. Some train the draft head
conditioned on the target’s hidden states, jointly
optimizing a feature regression and next-token pre-
diction loss (Li et al., 2024b, 2025b). Similarly,
others align the drafter with the target via knowl-
edge distillation (Zhou et al., 2024). More recent
methods directly optimize the acceptance rate as
the training objective (Samarin et al., 2026). Al-
though some approaches jointly train both models

Method Loss
MT-bench

τ
HumanEval

τ
GSM8K

τ

EAGLE-3
(Temp = 0)

KL 3.75 4.82 4.50
TV 2.81 3.42 3.34
Lα

LK 3.77 4.82 4.55
Lλ

LK, λ = 0.5 3.78 4.84 4.53
Lλ

LK, η = 1 3.80 4.83 4.54
Lλ

LK, η = 3 3.84 4.89 4.57

MEDUSA
(Temp = 0)

KL 2.05 2.41 2.11
Lα

LK 2.06 2.42 2.11
Lλ

LK, η = 10 2.07 2.44 2.13

MLP
(Temp = 0)

KL 2.45 2.42 2.42
Lα

LK 2.48 2.46 2.46
Lλ

LK, η = 3 2.48 2.83 2.46

EAGLE-3
(Temp = 1)

KL 3.39 4.31 3.88
TV 2.67 3.25 3.12
Lα

LK 3.50 4.48 3.98
Lλ

LK, λ = 0.5 3.35 4.36 3.95
Lλ

LK, η = 1 3.51 4.47 3.96
Lλ

LK, η = 3 3.48 4.52 4.02

MEDUSA
(Temp = 1)

KL 1.72 2.02 1.81
Lα

LK 1.78 2.09 1.85
Lλ

LK, η = 10 1.85 2.22 1.92

MLP
(Temp = 1)

KL 2.13 2.16 2.16
Lα

LK 2.17 2.19 2.19
Lλ

LK, η = 3 2.19 2.62 2.18

Ours Lλ
LK, η = 3 3.88 4.01 3.65

Table 1: Comparison of τ across methods, losses, bench-
marks, and temperatures. Benchmarks span MT-bench
(Zheng et al., 2023), HumanEval (Chen et al., 2021), and
GSM8K (Cobbe et al., 2021). We evaluate our method
(using 60k training examples) alongside EAGLE-3 (Li
et al., 2025b), MEDUSA (Cai et al., 2024), and the
multi-stage MLP architecture introduced by Wertheimer
et al. (2024), with baseline results sourced from Samarin
et al. (2026). All methods, including ours, use Llama-
3.1-8B-Instruct (Grattafiori et al., 2024) as the target
model. Our method achieves the best results on MT-
bench, while remaining competitive on HumanEval and
GSM8K.

(Cai et al., 2024), none of them directly targets the
acceptance rate on both the drafter and the target
simultaneously.



Shifting the target distribution toward the drafter
is a natural extension, but pulling a stronger model
toward a weaker one risks degrading its generation
quality. We address this using three mechanisms,
in order to prevent catastrophic forgetting in the
target model:

• We regularize the target using cross-entropy
loss during training.

• We limit the training budget to 60k examples.
• We train on data generated by the target model

itself, following the approach used by Samarin
et al. (2026).

Thus, we propose Halfway Speculative Decod-
ing, which trains an EAGLE-3-style draft head (Li
et al., 2025b) and fine-tunes the target model via
LoRA (Hu et al., 2022), jointly optimizing both on
the LK loss (Samarin et al., 2026), while regular-
izing the target with a weighted cross-entropy loss.
We use Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) as the target model, trained on the Llama-3.1-
8B-Instruct-Infinity-Instruct-0625 dataset (Samarin
et al., 2026), a collection of prompt-response pairs
sampled from Infinity-Instruct (Li et al., 2025a)
using the target model itself.

We show that our method improves the aver-
age acceptance length while preserving the tar-
get quality, with gains that hold across MT-bench
(Zheng et al., 2023), HumanEval (Chen et al.,
2021), GSM8K (Cobbe et al., 2021), MATH-
500 (Lightman et al., 2024), GPQA (Rein et al.,
2024), MMLU-Pro (Wang et al., 2024), and Big-
CodeBench (Zhuo et al., 2025). We further an-
alyze how the acceptance metrics and target per-
formance scale with training budget by evaluating
model checkpoints at increasing numbers of train-
ing steps.

2 Related Work

In this section, we discuss prior work in the specula-
tive decoding space, covering drafter-only training,
joint drafter-target training, direct acceptance rate
optimization, and alternative speculative decoding
methods.

Drafter-Only Training

EAGLE (Li et al., 2024b) and EAGLE-3 (Li et al.,
2025b) train the draft head conditioned on the tar-
get’s hidden states, jointly minimizing a feature
regression loss and a next-token cross-entropy loss
against the target’s predictions, while keeping the

target frozen. DistillSpec (Zhou et al., 2024) sim-
ilarly applies knowledge distillation to align the
drafter with the target distribution. Both lines of
work shift only the draft distribution, leaving the
target unchanged. Our approach differs by also
training the target model, pulling both distributions
toward each other.

Joint Drafter-Target Training
MEDUSA-2 (Cai et al., 2024) jointly trains the tar-
get model alongside its draft heads, showing that
updating the target improves the accuracy of the
draft model. Both models minimize cross-entropy
on the same dataset, using distributional alignment
as a surrogate for acceptance rate. While this en-
courages both distributions to converge toward the
same targets, it does not directly optimize the spec-
ulation quality, since there is no guarantee the two
distributions converge toward the same optimum.
We build on this idea by replacing the training ob-
jective with the LK loss, directly targeting accep-
tance rate on both models.

Direct Acceptance Rate Optimization
LK loss (Samarin et al., 2026) directly optimizes
the acceptance rate rather than using KL divergence
as a proxy, consistently outperforming KL-based
training across architectures and model scales.
However, it only trains the draft head while keeping
the target frozen. We extend this to joint training,
applying LK loss to both the draft head and the tar-
get model, with cross-entropy regularization on the
target to preserve its generation quality and prevent
catastrophic forgetting.

Beyond Distribution-Aligned Verification
Judge Decoding (Bachmann et al., 2025) tackles
the same root problem of the target rejecting too
many valid draft tokens, but from a different an-
gle. Instead of modifying the draft or target models
themselves, it trains a lightweight linear head on
top of the target’s frozen embeddings to predict to-
ken correctness, replacing logit-based verification.
The tradeoff is that it violates the lossless output
distribution guarantee, and in the worst case the
judge accepts factually incorrect tokens that the
target model would have caught.

3 Method

We present our joint training approach for directly
optimizing acceptance rate on both the draft head
and the target model simultaneously, along with



the mechanisms we use to prevent target model
degradation.

3.1 The LK Loss

We leverage the LK loss introduced by Samarin
et al. (2026), which directly targets the acceptance
rate rather than using KL divergence as a proxy.
Let p denote the target distribution and q the draft
distribution. We use the hybrid variant Lλ

LK, which
combines KL divergence with TV distance under
an adaptive schedule:

Lλ
LK(p, q) = λ(α) · KL(p∥q)

+ (1− λ(α)) · TV(p, q)
(1)

where α is the per-token acceptance rate, defined
as the expected token-level overlap between draft
and target distributions:

α =
∑
v∈V

min(q(v), p(v)) (2)

and λ(α) is an adaptive weight that controls the
balance between KL and TV:

λ(α) = exp
(
− η · sg[α]

)
, η > 0 (3)

Here sg[·] is a stop-gradient operator applied to
prevent gradients from flowing through λ during
backpropagation, and η controls the rate of transi-
tion. Early in training, when α is low, λ converges
to 1 and the objective reduces to KL minimization,
which provides well-conditioned gradients from a
randomly initialized draft. As training progresses
and α increases, λ decays toward zero, shifting the
focus to TV minimization, which directly targets
acceptance rate. This curriculum behavior is what
distinguishes Lλ

LK from a fixed mixture of objec-
tives.

For multi-step drafting with K draft positions,
the loss aggregates across positions with an ex-
ponential decay that prioritizes earlier positions,
which have the largest impact on average accep-
tance length:

L̂λ
LK =

K∑
k=1

γk−1 · Lλ
LK(p, q

(k)) (4)

where q(k) is the draft distribution at position k,
and γ ∈ (0, 1] is the per-step discount factor.

3.2 Joint Training Objective
Prior work applies the LK loss only to the draft
head while keeping the target frozen. We instead
train both the draft head and the target model on the
LK loss, directly optimizing for acceptance rate.

However, as previously stated, pulling a stronger
model toward a weaker one degrades its generation
quality. We address this by adding a cross-entropy
regularization term that anchors p to the training
data distribution, preventing it from collapsing to-
ward q. This term has no gradient path into the
draft head, acting solely on the target. The full
target training objective is:

L = Lλ
LK + λCE · LCE (5)

where λCE ≥ 0 controls the regularization strength
and LCE is the cross-entropy loss over tokens com-
puted from the target model’s output logits. Lλ

LK
backpropagates through both the draft head and
the target model’s trainable parameters, while LCE
backpropagates only through the target.

3.3 Draft Head
We use an EAGLE-3-style draft head (Li et al.,
2025b) trained from scratch jointly with the target
model. At each forward pass, the head constructs
an initial hidden state by concatenating the target
model’s embedding layer output with hidden states
from intermediate target layers 4, 16, and 32, and
projecting the result via a learned linear layer. It
then autoregressively generates K draft tokens by
repeatedly applying a single transformer layer: at
each step, the transformer layer processes the cur-
rent hidden state to produce draft logits, and the
hidden state for the next step is computed by fusing
the current output with a time-shifted version of
the input token embeddings via a second learned
linear layer.

3.4 Preventing Target Model Degradation
Directly fine-tuning all target model parameters
would be prohibitively expensive and would risk
rapid forgetting of pretrained knowledge. We in-
stead adapt the target model using LoRA adapters
(Hu et al., 2022), which introduce trainable low-
rank matrices alongside the frozen weights of the at-
tention and feed-forward projection matrices, keep-
ing the base model weights unchanged. This sub-
stantially reduces the number of trainable parame-
ters on the target side, making joint training com-
putationally feasible and limiting the surface area
over which drift can occur.



Additionally, training data construction follows
the approach described in Samarin et al. (2026),
generating responses using the target model it-
self. We leverage this property to anchor the target
model during joint training, using its own outputs
as a reference that reduces the risk of drifting under
the joint objective.

Beyond parameter efficiency, we also constrain
the training duration. Even with cross-entropy reg-
ularization, prolonged training on the joint objec-
tive risks gradually eroding the target model’s pre-
trained knowledge. We study the effect of train-
ing budget explicitly by training separate model
instances on increasing numbers of examples and
evaluating each, rather than checkpointing a single
run. This gives a cleaner signal of how acceptance
metrics and target quality scale independently with
training compute, without conflating within-run
dynamics across different stages.

4 Experimental Setup

In the following section, we describe the models,
training data, and evaluation protocol used through-
out our experiments. All experiments are carried
out with a single target model and draft head pair,
with the joint training objective described in Sec-
tion 3.

4.1 Models

We use Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) as the target model throughout all experi-
ments, adapted via LoRA (Hu et al., 2022) applied
to all attention and feed-forward projection matri-
ces with rank r = 16, α = 32, and dropout 0.05.
The draft head follows an EAGLE-3-style archi-
tecture (Li et al., 2025b), initialized randomly and
trained from scratch together with the target model.

4.2 Training Dataset

We train on the Llama-3.1-8B-Instruct-Infinity-
Instruct-0625 dataset (Samarin et al., 2026), a
collection of 660K prompt-response pairs con-
structed by generating responses to Infinity-Instruct
prompts (Li et al., 2025a) using the target model
itself at temperature T = 1. Training on target-
generated responses serves as an anchor for the tar-
get model, reducing the risk of drifting away from
its original output distribution. We use a maximum
sequence length of 512 tokens and mask prompt
tokens in all loss computations, propagating gradi-
ents only over model response tokens.

4.3 Training Configuration

We train with a batch size of 64, a learning rate of
4× 10−4 with cosine scheduling and 100 warmup
steps, using the AdamW optimizer with (β1, β2) =
(0.9, 0.95), and gradient clipping at 0.5. The same
learning rate is used for both the target LoRA and
the draft head. We set K = 7 draft positions and
LK loss hyperparameters η = 3, γ = 0.8, λCE =
1, and ε = 10−6, following Samarin et al. (2026).
All experiments use bfloat16 mixed precision.

4.4 Evaluation Benchmarks

We evaluate on seven benchmarks spanning di-
verse domains: MT-bench (Zheng et al., 2023),
HumanEval (Chen et al., 2021), GSM8K (Cobbe
et al., 2021), MATH-500 (Lightman et al., 2024),
GPQA Diamond (Rein et al., 2024), MMLU-Pro
(Wang et al., 2024), and BigCodeBench (Zhuo
et al., 2025). We report the average acceptance
length (τ ) on all seven benchmarks, following the
evaluation protocol of Samarin et al. (2026) with
chain sampling over K = 7 steps at temperature
T = 1.

For target model quality, we evaluate on all
benchmarks except MT-bench, reporting perplexity.
We also report accuracy on multiple-choice bench-
marks (GPQA Diamond, MMLU-Pro) by selecting
the candidate answer with the lowest negative log-
likelihood under the target model.

4.5 Evaluating Training Dynamics

We evaluate two quantities throughout training: the
average acceptance length of the joint system and
the degree of drift in the target model’s output dis-
tribution. To study how each metric scales with
training data, we train separate model instances
on 10K, 20K, 30K, 40K, 50K, and 60K training
examples, rather than evaluating checkpoints from
a single run, giving a cleaner signal unconfounded
by within-run learning dynamics. Each instance
is trained from scratch with the same configura-
tion and evaluated independently, allowing us to
directly observe whether gains in acceptance rate
come at the cost of target quality degradation.

Acceptance Rate
We report the expected number of tokens accepted
per speculation round, τ , following the convention
of Leviathan et al. (2023) and Samarin et al. (2026):

τ = K · # accepted tokens
# drafted tokens

+ 1 (6)



The +1 accounts for the bonus token that is always
sampled from the target distribution after each veri-
fication round, guaranteeing at least one new token
per round regardless of draft quality. We evaluate
using chain sampling at temperature T = 1.

Target Model Drift
To measure whether joint training degrades the tar-
get model, we evaluate its output distribution inde-
pendently of the draft head, comparing the original
model against the LoRA-adapted version after joint
training. We report perplexity and, where applica-
ble, accuracy on the benchmark examples, with
prompt tokens masked, as a measure of how much
the target’s predicted distribution has shifted from
its original state.

5 Results

We present results across three axes:

• We compare mean accepted tokens per specu-
lation round (τ ) against prior methods.

• We analyze how τ and target model drift scale
with training budget.

• We study the evolution of the training dynam-
ics throughout a training run.

All scaling experiments use separate model in-
stances trained to each data scale rather than check-
points of a single run, with the configuration de-
scribed in Section 4.

Empirical Comparison

Table 1 compares τ across several methods and
benchmarks. Our method achieves the highest
τ value on MT-bench (Zheng et al., 2023) and
competitive results across HumanEval (Chen et al.,
2021) and GSM8K (Cobbe et al., 2021).

Notably, this result is achieved using only 60K
training examples, approximately 9% of the 660K
examples used by Samarin et al. (2026), suggesting
that jointly optimizing acceptance rate on both the
draft head and the target model is a significantly
more data-efficient approach than drafter-only train-
ing. We expect that scaling to the full training set
would yield further improvements.

Draft Token Acceptance Evolution

Figure 1 shows how τ evolves as a function of
training examples across all benchmarks. Mean
accepted tokens per speculation round increase
consistently with training data across all evaluated

Figure 1: τ as a function of the number of training
examples seen during fine-tuning, evaluated using sepa-
rate model instances trained for each data scale, across
multiple benchmarks. τ consistently increases as more
training examples are seen.

benchmarks, with no signs of saturation at 60K
examples.

This suggests further gains may be achievable
with more training data, and that the joint objective
does not cause τ to plateau prematurely as a re-
sult of competing gradients from the cross-entropy
regularization term.

Target Model Drift

Figure 2 shows perplexity across benchmarks at
increasing data scales, with higher variance early
in training that settles as more examples are seen.
This suggests the target model’s output distribution
undergoes some initial adjustment before stabiliz-
ing under the joint objective. Together, these results
indicate that τ can be improved substantially with-
out meaningfully compromising the target model’s
generation quality at sufficient training scale.

Figure 3 highlights the accuracy across bench-
marks as a function of the training data scale. A
slight downward trend is visible as more training
examples are being used, consistent with the ex-



Figure 2: Perplexity trends across benchmarks as each
independently trained model sees a progressively larger
portion of the training set. Perplexity remains roughly
stable at larger data scales.

Figure 3: Benchmark accuracy across the evaluated
tasks, measured after fine-tuning independent model
instances on progressively larger training subsets. Ac-
curacy shows a slight downward trend as more training
examples are seen.

pected effect of the joint objective pulling the tar-
get distribution toward the weaker draft distribu-
tion. However, the degradation is modest across
all benchmarks, indicating that the cross-entropy
regularization and limited training budget are ef-
fective at constraining drift, anchoring the target
distribution.

Training Dynamics

Figure 4 shows the evolution of the training losses
over the 60K-example run. The fact that both the
LK loss and the cross-entropy loss decrease in uni-
son indicates that the two objectives do not conflict
during training, and that improving acceptance rate
does not come at the cost of increased cross-entropy
on the training data.

The flattening behavior observed toward the

Figure 4: Evolution of training losses during the 60K-
example run, showing that both individual losses de-
crease simultaneously without conflicting.

end of training suggests that the current configura-
tion approaches saturation around 55K examples.
Whether training beyond this point yields further
gains likely depends on a range of factors including
the regularization strength, the LK loss hyperpa-
rameters, the choice of training objective, the draft
head architecture, and the target model itself. A
systematic ablation over these dimensions is left
for future work.

6 Conclusion

We proposed Halfway Speculative Decoding, a
joint training framework that directly optimizes
the acceptance rate on both the draft head and
the target model simultaneously, extending the LK
loss (Samarin et al., 2026) to both sides of the
speculative decoding system. We adapt the target
model via LoRA to keep joint training computation-
ally feasible, and prevent target model degradation
through cross-entropy regularization, a constrained
training budget, and training on target-generated
responses to anchor the target’s output distribution.

Our results show that jointly optimizing accep-
tance rate on both models is substantially more
data-efficient than drafter-only training: using only
60K training examples, approximately 9% of the
data used by prior work, our method achieves com-
petitive or higher τ across the evaluated bench-
marks. Target model drift remains modest through-
out training, with perplexity staying stable at a suffi-
cient training data scale, indicating that acceptance
rate gains do not come at the cost of generation
quality.

Several directions remain for future work. Ex-
tending joint training to tree-based drafting meth-
ods (Miao et al., 2024; Cai et al., 2024; Li et al.,
2024a) is a natural next step, as the current evalu-
ation uses chain sampling only. Also, evaluating
across different target model families would clarify
how broadly the joint training benefits generalize.



Limitations

All experiments are conducted with a single target
model and draft head pair, and it remains unclear
whether the observed gains transfer to other model
families. We also evaluate our method using chain
sampling only, whereas some speculative decod-
ing systems use tree-based drafting (Miao et al.,
2024; Cai et al., 2024; Li et al., 2024a), which may
interact differently with the joint training objective.

Finally, the effect of key hyperparameters, in-
cluding the regularization strength, the LK loss
schedule, and the LoRA parameters, remains unex-
plored. Also, our training budget study covers up
to 60K examples, and behavior at larger scales is
not directly measured.
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