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ABSTRACT
Large Language Models (LLMs), constrained by their auto-regressive nature, suffer from slow decoding. Specula-
tive decoding methods have emerged as a promising solution to accelerate LLM decoding, attracting attention
from both systems and Al research communities. Recently, the pursuit of better draft quality has driven a trend
toward parametrically larger draft models, which inevitably introduces substantial computational overhead. While
existing work attempts to balance the trade-off between prediction accuracy and compute latency, we address this
fundamental dilemma through architectural innovation.

We propose PRISM, which disaggregates the computation of each predictive step across different parameter sets,
refactoring the computational pathways of draft models to successfully decouple model capacity from inference
cost. Through extensive experiments, we demonstrate that PRISM outperforms all existing draft architectures,
achieving exceptional acceptance lengths while maintaining minimal draft latency for superior end-to-end speedup.
We also re-examine scaling laws with PRISM, revealing that PRISM scales more effectively with expanding data
volumes than other draft architectures. Through rigorous and fair comparison, we show that PRISM boosts the

PRISM: PARAMETRICALLY REFACTOR INFERENCE FOR SPECULATIVE

decoding throughput of an already highly optimized inference engine by more than 2.6x.

1 INTRODUCTION

Large Language Models (LLMs) have become a founda-
tional technology. Models such as OpenAI’s ChatGPT (Ope-
nAl, 2022), Meta’s LLaMA (Touvron et al., 2023), and
Google’s Gemini (Google, 2023) have demonstrated remark-
able capabilities across a diverse range of tasks, proving po-
tentials for novel applications that advance human-computer
interaction (Masson et al., 2024), optimize industrial work-
flows (Xia et al., 2023), and create new paradigms for sci-
entific endeavors (Jumper et al., 2021). However, realizing
these potentials in practical applications is often constrained
by the critical problem of generation efficiency.

The efficiency problem is inherent to the auto-regressive na-
ture of LLM inference. Auto-regressive generations usually
adopt a sequential scheme, performing a full forward pass
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through its parameters to produce each token, which results
in substantial computational cost and low throughput.

To mitigate this problem, the research community has pro-
posed a range of acceleration techniques. While optimiza-
tions such as efficient KV cache management (Kwon et al.,
2023; Qin et al., 2025), continuous batching (Yu et al.,
2022), parallelism optimization (Li et al., 2023; Butler et al.,
2024), and prefill-decode disaggregation schemes (Zhong
et al., 2024b;a; Patel et al., 2025) have yielded significant
speedups, they do not alter the fundamental token-by-token
generation paradigm. As a complementary approach, specu-
lative decoding (Leviathan et al., 2023) effectively reduces
the number of LLM forward passes.

Speculative decoding, also known as Draft-and-Verify, is
inspired by speculative execution, a well-established opti-
mization technique in modern CPU design. It primarily
consists of two stages: in the first stage, a smaller, faster
draft model proposes a sequence of candidate tokens; in
the subsequent stage, the drafted sequence is verified by
the larger, slower target model. Intuitively, when multiple
drafted tokens are accepted, speculative decoding enables
the target model to generate multiple tokens in a single
forward pass, whereas naive auto-regressive decoding gen-
erates only one token per pass. Consequently, the success
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Table 1. A comparison of draft model relative sizes used in related
works, measured in drafter parameter counts divided by target
model sizes. Note that the statistics include all parameters acti-
vated in the forward pass and LLMs mentioned is the chat/Instruct
Version. This table shows a growing trend in adopting relatively
larger drafter models.

Paper Base LLM Drafter Relative Size
Leviathanetal. ~ T5-XXL-11B T5-SMALL (77M) 0.68%
Miao et al. LLaMA-2-7B LLaMA-68M 0.95%
LLaMA-2-65B LLaMA-68M 0.10%
Lietal. LLaMA2-7B EAGLE-2 (0.48B) 6.86%
LLaMA2-70B EAGLE-2 (1.23B) 1.76%
Lietal LLaMA3.1-8B EAGLE-3 (1.03B) 12.88%
LLaMA3.3-70B  EAGLE-3 (2.19B) 3.13%
Tang et al” LLaMA-3.3-8B Scaled EAGLE-2 (1.59B) 19.88%
Llama-3.3-70B Scaled EAGLE-2 (4.35B) 6.21%
Yan et al.” LLaMA-2-7B Scaled EAGLE-2 (1.26B) 18.00%
LLaMA-2-13B Scaled EAGLE-2 (1.78B) 13.69%

" We calculate drafter sizes for these rows as the drafter models are not publicly

available.

of speculative decoding strongly relies on draft quality, i.e. ,
how many tokens proposed by the draft model are expected
to be accepted by the target model in one draft.

To improve draft quality, many drafter models, following
EAGLE (Li et al., 20244a), utilize the target model’s inter-
mediate hidden states from the previous verification step
as additional input. This enables more accurate drafts than
drafter models that rely on tokens alone. Many of these draft
models employ only one transformer block to minimize the
computational overhead of drafting.

However, the single-transformer configuration limits draft
model capacity and ultimately caps acceptance rates. Recog-
nizing this limitation, as shown in Table 1, emerging works
have begun to explore the viability of larger draft models (Li
et al., 2025a; Yan et al., 2025; Tang et al., 2025). While
maintaining a similar architecture, these works stacks more
transformer layers. Although larger drafters do incur more
computational overhead, the argument is that this cost is
outweighed by the gains from improved acceptance rates.

In this paper, we investigate the fundamental trade-off be-
tween draft quality and computational overhead in specula-
tive decoding from a different perspective. Our key insight is
that while larger models are necessary for enhancing drafter
predictive performance, it is possible to keep draft overhead
low simultaneously. We demonstrate this through PRISM,
which recognizes the inherent differences between draft
steps and leverages conditional computing. Specifically, we
refactor the inference computational path by distributing
computation across different draft steps to distinct param-
eter sets, analogous to how a prism disperses white light
into its spectrum. Consequently, the total parameter count
of the drafter expands while the number of activated pa-
rameters per draft step remains constant. Fewer activated
parameters accelerate both inference and training. Critically,

the model’s representational capacity still expands: through
extensive experiments, we show that PRISM’s architecture
not only preserves favorable scaling properties but actu-
ally scales more effectively than naive parameter scaling
approaches such as vertically stacking transformer layers.

In summary, this paper addresses the core trade-off in spec-
ulative decoding between drafter predictive quality and effi-
ciency by introducing PRISM, a novel drafter architecture.
Our contributions include:

* A Novel Architecture that Decouples Draft Model
Capacity from Draft Computational Cost. We in-
troduce PRISM, the first architecture to apply a con-
ditional computing paradigm specifically across auto-
regressive generation steps to expand model capac-
ity. Unlike conventional draft models where capacity
and computational overhead are entangled, PRISM suc-
cessfully decouples them by parametrically disaggre-
gating the computation of different draft steps. This
novel architecture propose new perspective for drafter
effectiveness-efficiency trade-off, showing new paths
for drafter design.

* Re-examining the Scaling Law for Draft Mod-
els. Our work provides the first empirical evidence
that a draft model’s predictive power can scale effec-
tively without increasing the activated parameter count.
This finding establishes a new, more efficient scaling
paradigm for draft models.

Detailed Evalution with Inference Engine. We
bridge the gap between speculative decoding optimiza-
tions from the Al and the system academia community
by implementing and validating PRISM within SGLang,
a state-of-the-art inference engine. In contrast to many
prior drafters evaluated solely in PyTorch-based set-
tings, our experiments provide robust evidences of
PRrISM’s efficacy with a system-level highly optimized
inference engine.

2 BACKGROUND

This section provides a brief overview of LLM inference,
speculative decoding and state-of-the-art drafter architec-
tures.

LLM Inference. LLM inference is fundamentally auto-
regressive, probabilistically generating a sequence of to-
kens T' = (ty,t9,...,t,) where each token ¢; is sam-
pled from a conditional probability distribution parame-
terized by the model weights # and the preceding tokens:
p(tilt1, ..., t;—1; 0). This sequential dependency makes an
iterative generation process necessary.

By computaional characteristics, LLM inference are bifur-
cated into two distinct phases, prefill and decoding.
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The prefill phase refers to the initial phase involves the
processing of the input prompt. The model performs a
highly parallel forward pass to compute the attention mech-
anism’s key-value (KV) pairs for all prompt tokens simulta-
neously. This phase is computation-bound, contributed by
large matrix-matrix multiplications across the entire input
sequence.

Following the prefill, the model enters the iterative decoding
phase. Different from the prefill phase, the decoding phase
is memory-bandwidth-bound as it necessitates loading the
entire set of model parameters from off-chip high-bandwidth
memory (HBM) to the on-chip processing units for each
step. This memory-bandwidth bottleneck is further exacer-
bated in scenarios involving long contexts where with each
generated token, the model must also read the attention KV
caches for all preceding tokens.

Speculative Decoding. The core principle of Speculative
Decoding involves using a parametrically smaller, faster
draft model Mg,.qf: to generate a sequence of candidate
tokens based on the current context, which are then paral-
lelly validated in a single forward pass by the parametrically
larger, slower target model Mgy get-

Formally, let piqrget(t|c) be the probability distribution
over the next token ¢ given a context c, as defined by
Miqarget. Similarly, let pgrq ¢ (t|c) be the distribution from
Mgrq ¢ During drafting, At a given step with context c,
Mgyrq e is invoked to generate a candidate sequence of -y to-
kens, T = (t1,t2,...,t,). Then for verification, M;,get
performs a single forward pass on the concatenated in-
put (¢, T) to efficiently compute the true probability dis-
tributions for each position: piarget(-|€), Parget (-|C, t1), o
Ptarget(-]¢, 1, ..., ty—1). The draft tokens are validated se-
quentially using a modified rejection sampling scheme: for
each draft token ¢;, where the initial value of i is 1, it is
accepted if a randomly drawn number r € Uniform(0, 1)
which satisfies

ptarget (EZ |C, £<z)

r < min(1, =
pdraft(ti‘cvt<i)

The process iterates over ¢, until all tokens are accepted
or a token 7, is rejected. All accepted tokens T are kept.
Additionally, an extra token could be sampled from a
corrected distribution pj,...; o¢ max(0, prarget(-|c, T) -

Parasi(-lc, T)). Following this, the model’s context is up-
dated with the newly generated tokens, the KV cache entries
corresponding to any rejected candidates are discarded, and
a new drafting cycle commences.

A fundamental and critical property of speculative decoding
is that it is lossless. This has been formally proven and
guaranteed that the final output sequence produced by the
speculative process is drawn from the exact same probabil-
ity distribution as if it were generated token-by-token by

Miqrger alone (Miao et al., 2024).

From the system view, the efficacy of speculative decoding
lies in its ability to amortize the high cost of the memory-
bandwidth-bound decoding steps. The conventional one-
token-per-pass auto-regressive scheme is heavily memory-
bandwith-bound, leading to poor GPU utilization as the
computing units stall waiting for data. Speculative decoding
transforms the workload by using a single forward pass to
verify multiple tokens in parallel. When the draft model’s
predictions align well with the target model’s, leading to
a high acceptance rate, the effective cost per token is dras-
tically reduced. This mechanism fundamentally alters the
operational characteristics of the decoding phase, increasing
its compute-to-memory ratio.

SoTA Draft Models. Initial approaches to speculative de-
coding primarily utilized lightweight versions of the target
LLM as draft models. A significant difference was intro-
duced by EAGLE (Li et al., 2024a), who first leverages not
only the preceding context tokens but also the hidden states
generated by the target model during the most recent verifi-
cation step. By conditioning on this more informative input,
EAGLE’s draft models can more accurately predict the tar-
get model’s distribution, leading to a substantially higher
acceptance rate for candidate tokens. The efficacy of exploit-
ing informative intermediate representations from the target
model has led to its adoption in subsequent works (Li et al.,
2024b; 2025a; Huang et al., 2025; Zhang et al., 2025a).

Most SoTA draft models also utilize a tree-based Draft-and-
Verify approach instead of the naive sequence-based ap-
proach. Initially proposed by Specinfer (Miao et al., 2024),
the key observation is that even when the most likely drafted
token is rejected, an alternative, less probable candidate
from the same generation probability distribution might still
be correct. By allowing multiple tokens to be validated for
the same generation step, the draft tokens form different
candidate paths and can be organized into a tree structure.
During the verification phase, a special tree-shaped attention
mask is applied to enforce the causal relationships among
the draft tokens. Tree-based draft and verify significantly
enhances acceptance rate.

Scaling of drafter models. The expectation of draft mod-
els has previously been governed by the principle of mini-
mizing computational overhead, resulting in parametrically
small drafters. This paradigm, however, inherently limits
the model’s capacity and its ability to benefit from large-
scale training data. Progressively recognizing the limitation,
recent research has shifted towards balancing the trade-off
between draft model complexity and its computation latency.
The goal is to identify a sweet spot where a more powerful,
albeit more costly, draft model that yields a high enough
acceptance rate to deliver high end-to-end acceleration.
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EAGLE-3 (Li et al., 2025a) pioneered the study of inten-
tionally scaling draft models, demonstrating that increasing
trainable parameters and making other architectural refine-
ments enabled considerable performance gains when trained
with more data; Scylla (Yan et al., 2025) scaled the EAGLE-
2 architecture with up to five trainable transformer layers,
pretraining and tuning it on a considerably larger dataset,
resulting in state-of-the-art acceptance lengths. In parallel,
Meta (Tang et al., 2025) has explored different axes of scal-
ing, investigating methods for parameter expansion such
as increasing model depth and substituting standard Feed-
Forward Networks (FFN) with Mixture-of-Experts (MoE)
layers. These efforts collectively signal a transfer of expec-
tations for draft models, moving from the minimal overhead
to balanced performance optimized for maximum system
throughput.

3 METHODOLOGY
3.1 Motivation

As the practicability of scaling draft models to achieve high
acceptance rates emerges, it is compelling to train draft mod-
els with considerably more parameters. To expand model
capacity without introducing extra overhead, we drew in-
spiration from the MoE models, which leverage special-
ization by routing computations to different sub-networks.
We observe a similar opportunity for specialization exists
within speculative decoding: the predictive task in specu-
lative decoding is non-uniform in its difficulty. There is a
clear empirical trend where drafting becomes progressively
harder at later steps in the sequence. This is consistently
demonstrated by the sharp decline in acceptance rates for
later tokens (see Figure 1).

This insight directly motivates our proposed architecture,
PrisM. Rather than relying on a single, one-size-fits-all
model, PRISM employs a principle of specialization by ap-
plying different set of parameters to different draft steps.
This design brings two benefits intuitively:

* Adaptive Representation Complexity. PRISM effec-
tively creates a hierarchical model where later param-
eters process the output of previous ones, forming a
cascaded computational structure. This design enables
adaptive allocation of computational resources across
draft steps. As shown in Figure 2, compared with previ-
ous architectures where all draft steps utilize the same
set of parameters across draft steps, PRISM progres-
sively increases the effective depth with draft steps.
This architectural choice naturally allocates more cu-
mulative computation to harder prediction tasks at the
latter part of the sequence, where uncertainty typically
increases and accurate token prediction becomes more
challenging.
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* Decoupling Model Capacity from Inference Cost.
Critically, this architecture decouples the model’s total
learning capacity from its per-step inference cost. We
can substantially increase the total number of trainable
parameters, allowing the model to learn more complex
functions, while the computational cost of generating
any single draft token remains constant and minimal.

Following the principle of conditional computation central
to MoE models, PRISM is a sparsely-activated architecture
that decouples total model capacity from per-step compu-
tational cost. To formalize this, let ¢ denote the parameter
count of a single processing module and n the number of
modules in PRISM. Setting aside shared components that are
common to all steps, the total parameter count is Py =~ n-2.
Because exactly one module is selected per generation step,
the model is sparsely activated: only Py.ive ~ t parameters
and the corresponding FLOPs are exercised per step. PRISM
thus provides nx the parameter capacity of a single mod-
ule while keeping per-step computation constant, analogous
to how an n-expert MoE layer offers nx the capacity of
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Table 2. Notation for PRISM components and variables.

Notation Description
Sace Sequence of n accepted tokens from
previous verification: (1, ..., Zy)
Hpgse Target model hidden states for Sgcc:
(hD) hl; ceey hnfl)
E Token embedding layer (frozen)
Li,...,Ln M distinct Transformer layers
Fi(-, ) Fusion function for L; combining
token embedding and hidden state
fmap Surjection mapping K draft steps
to M modules: 1,.... K — 1,....,. M
LMpeaq Vocabulary projection layer (frozen)

a single expert at a per-token cost of roughly one expert.
By contrast, a conventionally stacked dense model with the
same total parameter budget n - ¢ activates all parameters for
every token, so its per-step cost grows linearly with capacity
and the capacity-to-cost ratio collapses to 1x.

3.2 PRISM Architecture

PRISM, or Parametrically Refactor Inference for Speculative
draft Models, follows the SoTA Drafters’ convention to be
a transformer-based drafter. As shown in Figure 3, PRISM
consists of a token embedding layer, a final vocabulary
projection head and a sequence of processing modules. Each
processing module consists of a fully connected fusion layer
and a transformer layer.

The relationship between draft steps and processing mod-
ules in PRISM is defined by a surjection. We establish the
surjection by assigning each draft step to a specific process-
ing module for its computation. This mapping allows for a
many-to-one relationship: while every step has a uniquely
assigned module, a single processing module can serve mul-
tiple steps.

Draft with PRISM. The draft process is featured by a
unique proactive parameter switching procedure between
inference forward passes, as shown in Figure 3.

Formally, define the model’s components and variables as
in Table 2.

The draft starts with a prefill of the draft model. For each
accepted token x; € Sy, a fused representation is created
by combining its embedding with the corresponding hidden
state h;_1 from the target model and feeding it to the fusion
function

Hiusea = [Fy,,., 1) (E(2i), hi—1)]i=y

This sequence of fused representations is then processed in
a single forward pass through the designated transformer
layer

H., KV = Ly,... 1) (Hfused, KV(o))

out»

Where K'V(q) is the initial state of the KV cache.The output
consists of a hidden state sequence H! , and the updated
KV cache KV/;). Note that the KV caches will be shared
across processing modules. The final hidden state from
H] . ie. h, becomes the initial predictive state for the
drafter auto-regressive decoding phase.

ho = h!,

The initial input token for the decoding phase 2 is also
the first draft token. It should be predicted directly from h
using the classification head

&1 = arg max(LMpeqq(ho))

The remaining draft steps are all decoding steps repeating
similar procedures: for k = 2,3, ..., K,

Hyy K Vi = (B, i), K V1))

wm )

hie1 = Ly, a0 (HY)
), = arg max(LMhead(ilk—l))

The whole draft process ends with output draft tokens
(h1, ha, ..., i), which will then sent to be verified.

Notably, the formulation above assumes a linear generation
path. This is an simplification for the sake of presentation
clarity. Actually, PRISM mechanism is totally compatible
with tree-structured draft and stochastic sampling methods
that many other drafters equip.

Train PRISM. To mitigate the problem of exposure bias,
many drafters employ context alignment techniques during
training, which significantly improves acceptance length.
Prominent examples include the harmonized context align-
ment in HASS (Zhang et al., 2025a), the train-time test in
EAGLE-3 (Li et al., 2025a), and token alignment in Grif-
fin (Hu et al., 2025). Context alignment aligns input hidden
states, KV caches and even input tokens from the training
and the inference. With PRISM, we followed the HASS style
of aligning the hidden states and KV caches for 3 steps.

Context alignment simulates the auto-regressive inference
process in training by requiring a separate forward pass for
each draft step. This significantly increases training cost:
for instance, training EAGLE-3 to draft n tokens requires n
distinct forward passes per training sample.

PRISM architecture shows advantage in training efficiency
when doing context alignment. While a monolithic drafter
with a comparable parameter count requires propagating
activations and gradients through its entire network depth
for each step, both the forward pass and the subsequent
backpropagation are confined to a sub-network for PRISM.

For the training of PRISM, we first start with a warm up
stage, training the model with just one processing module,
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Figure 3. An illustration of the PRISM architecture and its computing paths. (a) The target model prefills or verifies multiple tokens and
the output hidden states of its last-layer transformer is used as an input for the draft model, fused with the input token embedding. The
fused features is fed to the first transformer of the PRISM drafter for prefill. (b) After fusing the embedding of the previous generated
token and the previous generated hidden states, apply the fused feature to the second transformer layer for the first decoding step. Note

that KV caches from transfomer 1 is transfered to transformer 2.

meaning that there is no switch of parameters between for-
ward passes. The training loss consists of a Cross Entropy
Loss (CEL) comparing draft model output token distribu-
tions with ground truth tokens and a Mean Squared Error
(MSE) aligning the target model produced hidden states and
the draft model produced hidden states.

T
L, = Z CEL(softmax(LMhead(zZ(t))), Yi)
t=1

T
L2 = Z MSE(ZZ(t)7 Zl)

t=1
Ltrain = )\lLl + )\2L2

Where z; is the ¢-th target model generated hidden states and
22@ is the ¢-th hidden states outputted by the draft model
after its ¢-th forward pass for the sample. y; is the i-th
ground truth token . A\; and A\ are coefficients.

After the warm up we replicate the trained transformer
weights, producing M copies of the trained transformer
and then perform a second phase training. At this time
we remove the MSE loss and switch transformers between
forward passes.

3.3 Integrating with SGLang

Although implementing the speculative algorithm in Py-
Torch (Paszke et al., 2019) is convenient, the efficacy of

speculative decoding could be overestimated because of
missing optimizations from the deployment scenario, such
as CUDA graphs and continues batching. Therefore, to con-
cretely evaluate the effectiveness, integrating PRISM with an
efficient inference framework like SGLang is necessary. We
implement PRISM inside the SGLang engine and orchestrate
Prism with CUDA graph, continues batching, and other
inference optimizations.

4 EXPERIMENTS
We experiemented PRISM with a variety of settings.

Target LLMs. We conduct extensive experiments on two
widely-used open-source LLMs, i.e., LLaMA-2-chat-7B
and LLaMA-3-Instruct-8B (Abbreviated as LLaMA-2-7B
and LLaMA-3-8B below). We choose the models be-
cause they serve as target LLMs in most previous works.
Though sharing the same hidden state size, LLaMA-2-7B
and LLaMA-3-8B differ greatly in many aspects. Firstly,
LLaMA-3 builds its vocabulary with Byte Pair Encoding
(BPE) while LLaMA-2 adopts the SentencePiece, result-
ing in very different vocabularies; LLaMA-3 employs the
Grouped Query Attention (GQA) while LLaMA-2 does
not; They are also trained with very different datasets and
training pipelines. Draft model is sensitive to all of these
factors.

Datasets. To verify scaling laws and evaluate the scal-
ing ability of various draft model architectures, we collect
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Table 3. Constitutions of the training data.

Dataset Volume  Proportion Topic Coverage
ShareGPT 68K 8.5% QA/Code/Math/Logic
UltraChat 463K 57.9% QA

OpenThoughts2 269K 33.6% Math/Logic

and preprocess data from several widely-used open-source
datasets, including ShareGPT, UltraChat (Ding et al., 2023),
and OpenThoughts2 (Guha et al., 2025). We preprocess
the data by truncating each sample to a maximum length of
2048 tokens. For samples drawn from the OpenThoughts
dataset, which is designed to train thinking behavior in
language models and contains chain-of-thought reasoning
enclosed between explicit opening and closing tags, we strip
the thinking content, due to the consideration that our tar-
get models, LLaMA-2-Chat-7B and LLaMA-3-Instruct-8B,
were not trained with thinking behavior and may not gener-
alize well to such a corpus. Approximately 800,000 samples
are drawn from these three datasets. The constitution of the
dataset is shown in Table 3. For a fair comparison, the base-
line methods mentioned in this paper are also trained on this
same dataset.

Benchmarks. Following previous works, we evaluate
on six benchmarks.,i.e., MT-Bench (Chen et al., 2025),Hu-
manEval (Chen et al., 2021),GSM8K (Cobbe et al., 2021),
Alpaca (Taori et al., 2023), CNN/Daily Mail (See et al.,
2017) and Natural Questions (Kwiatkowski et al., 2019),
each representing very different workloads. MT-bench is
for multi-round conversation; HumanEval is for code com-
pletion; GSM8k evaluates LLM on grade-school-level math;
Alpaca is a dataset for instrution following; CNN/Daily Mail
is for summarization tasks and Natural Questions consists
of real questions the users search on google.

Metrics. We focus on the following metrics to evaluate
draft models:

* Acceptance Length. Acceptance Length is the ex-
pected number of draft tokens that the target model
accepts per verification step. It reflects how good the
draft model predicts target model output.

e Throughput. Throughput, measured in tokens per
second, measures the end-to-end rate at which a specu-
lative decoding system generates tokens. It is affected
not only by the acceptance length but also by the com-
putational overhead.

Baselines. We compare PRISM with various baseline
drafter models, including the standard speculative decoding,
EAGLE-2, HASS and EAGLE-3.

Train Setting. We train PRISM and all baseline drafters on
datasets rangeing from 100,000 to 800,000 samples with 8

NVIDIA A100 40G GPUs and 4 NVIDIA A100 80G GPUs.
We use a 95 to 5 split of the data for training and validation,
respectively. We optimize using AdamW with 5; = 0.99
and B2 = 0.95. Gradients are clipped to a maximum norm
of 0.5 and a two-stage learning-rate scheduler with linear
decay is employed. For the warmup stage: peak learning
rate is 3e-5, training for 25-40 epochs depending on the
amount of training data. For the tuning stage: peak learning
rate is le-5, trained for 10 epochs. The training batch size
is 1. The time cost for the trainings vary on dataset sizes,
ranging from 1 day to 2 weeks.

Note that PRISM, as evaluated in the main experiments,
comprises two processing modules: the first is dedicated
exclusively to the prefill step, while the second handles all
subsequent decoding steps, which is a natural design choice.
We further explore PRISM configurations with additional
processing modules in Section 4.2.

4.1 Effectiveness

Table 4 shows our main results, comparing PRISM with base-
line methods on six workloads, two target models and under
greedy and non-greedy sampling settings. The experiments
simulate the condition where 1 NVIDIA A800 80G GPU is
used for target LLM generation with speculative sampling.
An extra set of experiments on 1 NVIDIA H800 80G GPUs
can be found in Table 5. All experiments are conducted
with batch size 1. A 6-step, 4-branch tree structure is used
for the tree-shape draft and verification. A maximum of
16 tokens are validated for each verification. Consistent
advantages over all baseline methods in all testing settings
is observed. PRISM consistently gains more than 2.4x ac-
celeration compared to the standard vanilla auto-regressive
decoding . Compared to other baseline drafter models that
activate the same amount of parameters during inference,
PRISM on average improves acceptance length by 14.09%
and 5.69% and generate 14.21% and 6.10% more tokens per
second than EAGLE-2 and HASS, respectively. Specula-
tive decoding performance is task dependent. PRISM works
exceptionally well, compared to other baselines on CNN/-
Daily Mail work load, outperforms HASS by potentially
suggests thGPUe step splitting architecture may work better
for long context tasks. In this experiment, running PRISM
with SGLang requires an additional 576 MB of GPU mem-
ory compared to one-transformer-layer draft model methods
(EAGLE-2, HASS). Relative to the overall SGLang memory
footprint, this corresponds to only a 0.77% increase.

4.2 Re-examine Scaling Laws of PRISM

We conduct experiments to verify the drafter scaling phe-
nomenon observed in previous works (Li et al., 2025a; Yan
et al., 2025). We also prove with these experiments that
even without increasing the number of activated parameters
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Table 4. Acceptance lengths (AL) and throughput (TPS, tokens per second) of different methods on NVIDIA A800 GPU.

MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques.
Model Method Temp AL TPS AL TPS AL TPS AL TPS AL TPS AL TPS
Vanilla* T=0 NA 9566 NA 9610 NA 9651 NA 9675 NA 9277 NA  96.62
antiia T=1 NA 9570 N/A 9608 NA 9631 NA 9651 N/A 9266 NA 96447
Standard” T=0 268 14235 270 14565 2.88 15523 288 15549 217 10992 283 15258
tandar T=1 268 14237 255 13665 277 14676 258 137.17 212 10446 261 13858
LLaMA-2
EAGLE T=0 416 246.18 478 28384 429 25413 408 24354 388 21883 3.80 22549
- T=1 387 22369 449 26025 426 24624 387 22522 370 21009 3.60 208.45
HASS T=0 448 26508 515 30531 454 26894 442 26370 4.18 23541 408  241.6l
T=1 412 23813 477 27639 443 25626 421 24444 399 22691 379 21949
PrisM (oursy =0 466 27432 533 31616 473 279.14 467 27735 440 25508 424 25031
Ours)  T=1 430 246.64 490 28443 4.68 269.19 439 25415 415 23113  4.02  229.80
Vanilla* T=0 NA 8563 N/A 858 N/A 8598 N/A 8619 NA 8318 NA 8612
antiia T=1 NA 8539 N/A 8570 N/A 8585 N/A 8579 N/A 8290 NA 8586
Standard” T=0 506 16413 577 180.66 547 17328 456 14451 443 14318 430 136581
tandar T=1 442 14269 545 169.80 520 163.19 416 131.12 417 12441 377 11945
LLaMA-3
EAGLE T=0 3.67 16826 457 21236 424 19766 3.67 171.89 359 16334 3.14 14774
- T=1 367 16864 430 18215 400 17200 337 14632 330 13769 299  129.65
HASS T=0 393 18050 5.12 23538 473 21675 394 18439 390 17616 336  156.67
T=1 393 181.14 484 20669 449 19151 362 15573 358 14701 3.08 13346
PrisM (oursy  1=0 429 20151 543 25196 511 23741 425 19931 417 18795 363 170.06
ours)T=1 429 20147 502 21630 476 20509 3.86 16772 376 15833 331 143.63

* Vanilla means the standard auto-regressive decoding. Thus, there is no acceptance length for vanilla decoding.
** Standard means using a light weight version of the same series models as the drafter. For LLaMA-2-7B we employ the LLaMA-160M model while for
LLaMA-3-8B we employ the LLaMA-3.1-1B model. Same with the experiments on NVIDIA H800 GPUs.

per prediction, the model’s capacity expands as the volume
of training data grows. This expansion is evidenced by
a clear improvement in predictive performance. To more
clearly demonstrate the upper bound of predictive power
for various draft models at different training data scales, we
employed a more extreme tree structure in the experiments:
a 6-step, 10-branch tree, with each step verifying up to 60 to-
kens. Results for a more realistic tree structure used during
generation are provided in Appendix B.

The first results are presented in Figure 4, comparing PRISM
with drafters that activate a similar amount of parameters
during inference, i.e., EAGLE-2 and HASS. Across all
tested data scales, PRISM demonstrates a big advantage
in acceptance length over both EAGLE-2 and HASS.

We further analyze the curves. First, in the low-data regime
with fewer than 200,000 training samples, the representa-
tional capacity of the single-transformer models has not
yet been saturated. This is indicated by their performance
continuing to improve with more data. Nevertheless, PRISM
already outperforms both baselines at this scale. This sup-
ports our hypothesis that the hierarchical structure of PRISM
progressively generates more informative representations as
data passes through its stacked processing modules, leading
to better predictions. Second, in the high-data regime, cor-
responding to the latter half of the curves, a clear scaling
bottleneck becomes evident for both EAGLE-2 and HASS.
While PRISM still shows potential to scale with more than

600,000 samples, the performance of EAGLE-2 and HASS
begins to plateau after 400,000 samples, respectively. This
demonstrates the superior scaling ability of PRISM com-
pared to single-transformer draft models like EAGLE-2 and
HASS.

We also compare PRISM against EAGLE-3, an architecture
specifically designed for scaling. EAGLE-3 expands atten-
tion layer parameters and leverages multiple target LLM
produced hidden states, all of which PRISM does not equip.

Figure 5 compares the average scaling ablity of PRISM
and EAGLE-3, when trained as drafters for LLaMA-3-
8B. PRISM demonstrates scaling behavior comparable to
EAGLE-3 without the multi-hidden-state input feature, and
fully surpasses EAGLE-3 when this feature is incorpo-
rated (denoted as PRISM*).

We further conduct an ablation study to verify that the scal-
ing efficacy of PRISM stems from its core architectural
innovation, which is distributing draft-step computation
across distinct sets of parameters, rather than from merely in-
creasing parameter count. Specifically, we compare PRISM
against HASS-style baselines that naively stack multiple
transformer layers as the draft head. We train a two-layer
variant (HASS-2) and a three-layer variant (HASS-3). The
results are shown in Figure 6. On one hand, HASS-3 consis-
tently outperforms HASS-2 across all data volumes and tem-
perature settings, confirming the parameter-scaling findings
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Table 5. Acceptance lengths (AL) and throughput (TPS, tokens per second) of different methods on NVIDIA H800 GPU.

MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques.
Model Method Temp AL TPS AL TPS AL TPS AL TPS AL TPS AL TPS
Vanilla T=0 N/A 14210 N/A 14237 N/A 143.08 N/A 14343 N/A 139.76  N/A 14299
T=1 N/A 142,12  N/A 140.76  N/A 14170  N/A 14122  N/A 13842 N/A 141.47
Standard T=0 273 188.02 276 19347 291 20273 290 20416 206 141.69 287  200.25
T=1 274 19144 2,60 18092 2.82 19500 2.85 198.09 205 139.84 275 190.07
LLaMA-2
EAGLE-2 T=0 412 33571 472 38742 428 34795 4.07 33399 386 309.78 381 30943
: T=1 4.12 33717 437 31990 4.14 29877 390 28288  3.69 26354 354  257.02
HASS T=0 440 34975 508 40849 454 36079 438 35096 4.17 327.60 4.05 321.47
T=1 438 350.88 477 34202 438 31017 4.06 290.11 398 27920 385 271.97
PRISM (ours) T=0 4.67 37394 536 43293 477 38151 4.68 37750 4.40 34578 4.32 34394
ours T=1 4.68 37755 4.82 34827 4.68 33345 440 31614 421 29757 397 283.70
Vanilla T=0 N/A 14510 N/A 14534 N/A 14552 N/A 14589 N/A 144.03 N/A  145.64
T=1 N/A 146.03  N/A 144.10 N/A 144.09 N/A 14420 N/A 14332 N/A 143.80
Standard T=0 507 241.19 589 276.13 575 271.18 480 22880 472 22131 439  209.10
T=1 5.05 24155 541 25410 535 25034 422 19923 421 197.30  3.88 182.53
LLaMA-3
EAGLE-2 T=0 372 20210 458 31294 427 29135 3.67 253.10 3.57 243.60 325 22344
: T=1 372 25792 431  210.01 3.98 19228 341 16585 3.32  161.04 299  146.24
HASS T=0 400 27870 508 349.65 475 32678 393 27359 391 268.37 340  236.46
T=1 400 280.60 481 23542 451 22036 3.64 179.08  3.55 17453 3.08 152.45
PRISM (ours) T=0 4.63 31542 583 392.05 551 36940 453 30854 4.60 309.17 391 266.71
ours T=1 4.62 31613 530 25574 5.03 24116 4.03 19539 408 196.56 3.51 170.65

reported in prior work (Yan et al., 2025; Tang et al., 2025):
adding more parameters to the draft head does improve ac-
ceptance length. On the other hand, PRISM surpasses both
HASS-2 and HASS-3 by a clear margin despite using a com-
parable or less parameter budget. This gap demonstrates
that the performance gains of PRISM cannot be attributed
to increased capacity alone. Rather, by factoring the multi-
step drafting computation into step-specific parameter sets,
PRISM allocates its capacity more efficiently than a mono-
lithic stack of transformer layers, yielding stronger scaling
behavior with the same training resources.

In the experiments above, we employ a PRISM instance
comprising two processing modules, dedicated to the prefill
step and all subsequent steps, respectively. As our formal
definition of the PRISM architecture permits, one can also
employ more processing modules with more flexible pa-
rameter mappings. We therefore investigate an alternative
draft-step-to-processing-module assignment by extending
PRISM with an additional processing module. As illus-
trated in Figure 7, we refer to the two-module configura-
tion as PRISM-2, and to the three-module configuration as
PRISM-3. The latter retains the same dedicated prefill mod-
ule but assigns each of the two subsequent draft steps its
own independent processing module. As shown in Figure 7,
PRISM-3 holds a slight advantage at small data volumes,
as the step-specific modules provide extra capacity by spe-
cializing in their respective draft positions. However, as
data scales up, PRISM-2 steadily overtakes PRISM-3 and
ultimately achieves notably higher acceptance length. Al-
though PRISM-3 appears to underperform at larger data

volumes, this does not necessarily indicate that adding more
processing modules is ineffective. By assigning each draft
step its own module, PRISM-3 halves the training signal
available to each of the two step-specific modules compared
with the shared module in PRISM-2. Moreover, the training
data for the later draft steps tends to be noisier, as prediction
difficulty compounds with distance from the base model’s
last hidden state. The combination of reduced data volume
and increased noise likely leaves the step-specific modules
in an under-trained regime, a phenomenon analogous to the
well-known issue in MoE architectures where individual
experts fail to be fully trained due to insufficient routing
frequency. Indeed, the early-stage advantage of PRISM-3
at 100k suggests that its additional capacity is genuinely
beneficial; the subsequent plateau and regression likely re-
flect an optimization challenge rather than a fundamental
architectural limitation.

4.3 Hyper-Parameters

Speculative decoding is a complex system where lots of
hyper parameters influences the end-to-end acceleration.
In this section, we demonstrate these influences, revealing
insights for achieving higher end-to-end throughput.

Batch Size. The benefit of speculative sampling diminishes
with increasing batch sizes, as larger batch sizes make LLM
decoding more compute-intensive and less constrained by
memory bandwidth. It is often a trade-off between em-
ploying speculative sampling and utilizing big batch sizes.
Nonetheless, PRISM still provides reasonable speedup when
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evaluated with relatively larger batch sizes, as shown in
Figure 8.

Tree Topology. In speculative sampling, the tree topology
defines the depth (d) and width (w) of the tree of candidate
tokens generated by the draft model. To keep the compu-
tational cost of the validation step manageable, the total
number of verified nodes (v) is typically fixed. The op-
timal tree topology, however, is highly dependent on the
predictive characteristics of the draft model. For instance, a
draft model capable of accurate long-range predictions may
perform best with a deeper, narrower tree. Conversely, a
model whose predictive accuracy drops off more quickly
may benefit from a wider, shallower tree that explores more
parallel branches. In Figure 9, we explore the effect tree
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Figure 9. PRISM acceptance length and throughput under different
tree topologies.

topology has on PRISM.

Experimental results indicate that employing a larger tree
generally enhances the performance of PRISM. However,
speedups improve with growing tree depth and width gradu-
ally saturate. This is due to the growing overhead of both
draft and verify stages coming with larger trees. Specifi-
cally, for a fixed number of tokens to be verified, a deeper,
narrower tree structure outperforms a shallower, wider one.

5 RELATED WORKS

Apply speculative sampling techniques to accelerate LLMs
was first introduced by Leviathan et al. 2023. Since that,
extensive efforts have been made from both the system and
Al research community to improve the framework.

Efforts have been made exploring speculative sampling in
LLM serving systems. Speclnfer (Miao et al., 2024) firstly
introduce the tree-based speculative inference and token
verification mechanism instead of an incremental decoder,
which significantly reduces the verification overhead. Swift-
Spec (Zhang et al., 2025b) finds the imbalanced compute
requirements for draft and target model under the common
circumstance that the draft and target model use the same
tensor parallel configuration. It redesigns the speculative
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decoding pipeline in an asynchronous and disaggregated
method, thus assign the computation resources by require-
ments. AdaServe (Li et al., 2025b) supports multi-SLO
requirements through SLO-customized speculative decod-
ing. It improves the goodput and reduces SLO violations by
the hardware-aware algorithm and speculate-select-verify
pipeline. Besides, because reinforcement learning including
rollout becomes a pivotal methodology for enhancing LLMs
and imbalances in rollout lengths cause low GPU utilization,
speculative sampling is also a promising method to alleviate
this problem and accelerate RL training (He et al., 2025).

Another significant body of work has focused on improving
the efficiency of speculative decoding by increasing the num-
ber of accepted tokens per step. Medusa (Cai et al., 2024)
pioneered the multi-head approach for draft generation. In-
stead of using a separate draft model, Medusa augments a
pretrained backbone by attaching multiple, lightweight de-
coding heads to its final layer. The EAGLE series (Li et al.,
2024a;b; 2025a) further improves acceptace length by feed-
ing richer feature representations from the target model into
the draft heads. This enhanced context leads to higher accep-
tance rates and, consequently, greater end-to-end speedups.
EAGLE-2 introduced a dynamic tree-building algorithm,
while EAGLE-3 further improved performance by incorpo-
rating a context alignment technique during training and
leveraging additional hidden states from the target model.
HASS (Zhang et al., 2025a) independently developed its
own version of context alignment, proposing a novel two-
phase training scheme and a distinct loss function to opti-
mize. Focusing on the same challenge of context mismatch,
Griffin (Hu et al., 2025) proposed that not only hidden states
but also the input tokens themselves should be synchronized
between the draft and target models during training and
inference. Shifting the focus, Jakiro (Huang et al., 2025),
notable for its performance in non-greedy sampling scenar-
ios, introduced MOE and contrastive learning into the draft
model training.

Finally, the challenge of scaling draft models was explored
by Scylla (Yan et al., 2025), which investigated the impact of
increasing the parameter count of the drafters. A concurrent
work from Meta (Tang et al., 2025) independently conducted
similar experiments, confirming that larger, more capable
drafters can yield substantial performance gains.

6 CONCLUSION AND FUTURE WORK

In this paper, we introduce PRISM, a novel architecture for
draft model of speculative sampling. PRISM deals with
the central trade-off between draft model effectiveness and
efficiency. By parametrically disaggregating the compu-
tation of draft steps, draft model capacity increases while
computation cost for each step maintains. Extensive experi-
ments are performed, verifying scaling law for draft models

while proving effective scaling for the PRISM architecture.
We also demonstrate the practicability of PRISM in real-
life scenarios by integrating it into sglang and proving the
effectiveness.

Due to the constraints of our current hardware platform,
we were unable to validate the effectiveness of PRISM with
larger target models such as LLaMA-2-70B, nor to ver-
ify scaling behavior on significantly larger training data
regimes, as these experiments demand substantial GPU
memory, high-bandwidth inter-node interconnects, and
greater overall compute budgets. We plan to extend our
experiments to these larger-scale configurations in future
work. We believe that exploring these settings would further
strengthen the empirical evidence for the scaling proper-
ties of PRISM and its practical benefits in production-grade
serving systems.
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