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Abstract

Speculative decoding (SD) has proven to be
an effective technique for accelerating autore-
gressive generation in large language mod-
els (LLMs) however, its application to vision-
language models (VLMs) remains relatively
unexplored. We propose DREAM-S, a novel
SD framework designed specifically for fast
and efficient decoding in VLMs. DREAM-S
leverages a neural architecture search (NAS)
framework with target-aware supernet training
to automatically identify both the optimal in-
teraction strategy between the draft and target
models, and the most suitable draft model ar-
chitecture for the underlying hardware imple-
mentation platform. DREAM-S additionally
incorporates adaptive intermediate feature dis-
tillation, guided by attention entropy, to en-
able efficient draft training. Experiments on
a range of well-established VLMs show that
DREAM-S achieves up to a 3.85x speedup
compared to standard decoding approaches
and significantly outperforms existing SD base-
lines. The code is publicly available at: https:
//github.com/SAI-Lab-NYU/DREAM-S.

1 Introduction

Vision-Language Models (VLMs) play a pivotal
role in advancing artificial intelligence by integrat-
ing visual perception with natural language un-
derstanding. These models empower machines to
process and generate both visual and textual data,
enabling a broad array of applications such as im-
age captioning (Zhou et al., 2020; Hu et al., 2022;
Chen et al., 2022; Dzabraev et al., 2024), visual
question answering (Chappuis et al., 2022; Bazi
et al., 2023; Wang et al., 2024), and content-based
search (Li et al., 2024b; Sun et al., 2025). Despite
their impressive capabilities, VLMs are compu-
tationally demanding, primarily due to the com-
plexity of integrating high-dimensional visual and
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textual inputs. Speculative decoding (SD) (Stern
et al., 2018; Leviathan et al., 2023) accelerates the
autoregressive generation process of large language
model (LLM) by dividing it into two stages: a low-
cost drafting phase and a parallel verification phase.
This allows multiple candidate tokens to be gener-
ated and then verified simultaneously in a single
pass through the target LLM. The approach boosts
decoding efficiency while keeping output quality
via a selective acceptance-rejection mechanism.
As highlighted in prior work (Chen et al., 2023;
Li et al., 2024d,c; Cai et al., 2024; Ankner et al.,
2024; Xia et al., 2023a; Zhang et al., 2023; Miao
et al., 2023; Chen et al., 2024; Hu et al., 2025a),
achieving superior performance in the SD frame-
work requires the draft model to meet two key cri-
teria. First, it should achieve a high acceptance
ratio, meaning that most of its proposed tokens are
validated by the target model. Second, it should
deliver low execution latency to minimize overall
decoding time. Balancing these factors is essen-
tial for navigating the accuracy—latency trade-off, a
challenge well-suited to neural architecture search
(NAS), which has been widely demonstrated to
yield highly effective trade-offs in similar settings.
Although speculative decoding techniques have
been widely developed to accelerate inference in
LLMs, their integration into multimodal language
models (Li et al., 2024a; Raj et al., 2024), espe-
cially VLMs, has received relatively little attention.
In this paper, we introduce Speculative Decoding
with Searchable Drafting and Target Aware Re-
finement for Multimodal Generation (DREAM-S).
Specifically, DREAM-S employs a neural architec-
ture search (NAS) mechanism with target-guided
distillation to train a supernet encompassing di-
verse draft configurations, then identify the optimal
draft model configuration, input pruning ratio, and
interaction strategy with the target model, all tai-
lored to the underlying hardware platform. Another
key innovation of DREAM-S is its selective utiliza-
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tion of intermediate-layer representations, which
capture the most informative features from both
modalities. These representations serve as effec-
tive supervision signals, enabling the draft model
to achieve high accuracy. While neural architecture
search and model pruning are well-established op-
timization techniques, their systematic application
to draft model design in VLM speculative decod-
ing remains unexplored. The key challenge lies
not in developing new algorithms, but in formulat-
ing this multimodal acceleration problem within a
principled search framework and designing VLM-
specific optimization dimensions. We evaluate
DREAM-S on a diverse set of widely used vision-
language models, including LLaVA-v1.6-Vicuna-
7B/13B (Liu et al., 2024b), SmolVLM-2B (Marafi-
oti et al., 2025), and Pixtral-12B (Agrawal et al.,
2024), across a range of multimodal tasks. Ex-
tensive experiments show that DREAM-S signifi-
cantly outperforms established speculative decod-
ing baselines, while maintaining high acceptance
rates across various applications. Our main contri-
butions are as follows:

* DREAM-S integrates a NAS framework to
identify the optimal draft model configuration
for optimal speedup. The search process fur-
ther determines the optimal input and model
pruning ratio and the most efficient connection
strategy between the draft and target models
for the optimal speedup performance.

* During training, DREAM-S dynamically se-
lects intermediate features from the target
model’s middle layers based on proposed cri-
teria, using them to supervise the draft model,
which improves its predictive accuracy and ex-
tends token acceptance lengths. Additionally,
DREAM-S employs a cross-attention mech-
anism to leverage these intermediate outputs,
enabling more effective knowledge transfer
from the target model and resulting in signifi-
cant performance improvements.

* Evaluation results demonstrate that DREAM-
S is able to achieve up to a 3.85x speedup
compared to conventional decoding methods
across various VLMs and tasks, surpassing
existing speculative decoding approaches.

2 Related Work

Speculative decoding. is an effective approach
to alleviating the sequential bottleneck in lan-

guage model inference (Stern et al., 2018). It
divides the decoding process into two stages: a
lightweight draft model quickly generates a se-
quence of candidate tokens, which are then ver-
ified in parallel by a more accurate farget model, as
illustrated in Figure 1 (a).

Let the draft model M, generate y draft tokens
(t1,...,t,) in each draft step. During the verifica-
tion phase, the target model M,, evaluates these
tokens in parallel, but accepts them sequentially. If
all tokens in the batch are accepted, the draft model
proceeds to generate the next set of candidate to-
kens. (upper branch of Figure 1(a)). Otherwise,
the target model supplies the correct token and
assists the draft model in generating subsequent
tokens (lower branch of Figure 1(a)). Specifically,
it checks whether each draft token ¢; matches the
output of its own sampling. If a mismatch occurs at
position %, all tokens from ¢; onward are discarded,
and the target model’s sampled token at position
1, denoted t;, is used instead. The accepted token
sequence is therefore (t1,...,t;_1,t;). SD allows
for parallel token generation, moving beyond the
conventional step-by-step decoding, while the veri-
fication phase ensures output quality by accepting
or rejecting the draft tokens.

Vision-Language Models. VLMs are designed
to jointly process visual and textual inputs, en-
abling machines to interpret and generate content
that integrates both modalities. As shown in Fig-
ure 1(b), a typical VLM consists of a visual en-
coder and a language model. The image is first
processed by the visual encoder to extract visual
tokens, which are then concatenated with textual
tokens and passed into the language model to pro-
duce the final output. More recent models like
LLaVA (Liu et al., 2023), InstructBLIP (Dai et al.,
2023), and Pixtral (Agrawal et al., 2024) focus
on improving zero shot generalization by align-
ing model responses with human intent through in-
struction tuning. While large VLMs achieve strong
performance, their high computational cost and
memory usage pose challenges for deployment on
devices with limited resources.

To quantify the computational cost introduced
by visual input processing, we measure the FLOPs
required by several models, including LLaVA-v1.6-
Vicuna-7B, Pixtral-12B, and SmolVLM-2B, and
Gemma3-12B (Kamath et al., 2025), using the Sci-
enceQA dataset. We select a representative exam-
ple that includes a 480 x 300 image, a prompt of
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Figure 1: (a) Speculative decoding process, LM denotes large model. (b) Architecture of VLM (c) Computational
cost in Tera FLOPs of VLMs processing text only (Txt) and multi-modal (Img+Txt) inputs over different VLMs.

166 tokens, and a generated output of 500 tokens.
FLOPs are computed using the PyTorch Profiler.
As shown in Figure 1(c), processing both image
and text inputs results in an average increase of
2.1 x in computation compared to text-only inputs,
highlighting the importance of developing more ef-
ficient visual processing methods. This additional
cost does not only come from the one-time visual
encoder prefill, but mainly from the autoregressive
decoding stage: all visual tokens are stored in the
KV cache and participate in attention at every de-
coding step, so each generated token must attend
to both text and image tokens.

Neural Architecture Search. By algorithmically
exploring the vast architecture space, NAS allevi-
ates the time-consuming process of training models
with different configurations to find the most effi-
cient and effective designs for specific tasks. Tra-
ditional NAS methods can be categorized into two
classes. The first class of methods searches directly
for the optimal architecture by making the search
process differentiable. These approaches (Liu et al.,
2018; Wan et al., 2020; Chen et al., 2019) formulate
architecture search as a differentiable optimization
problem. They apply continuous relaxation to ex-
press each operation as a weighted combination of
candidate operations, allowing architecture param-
eters to be optimized jointly with network weights
using gradient-based methods. The second class of
methods jointly trains a collection of nested neu-
ral networks and then employs a dedicated search
network to select the optimal architecture from
the trained candidates. Once For All (OFA) (Cai
et al., 2019; Chen et al., 2020; Cai et al., 2018;
Zhang et al., 2022) first trains a SuperNet contain-
ing diverse architectural configurations across four
dimensions (depth, width, kernel size, and resolu-
tion), then applies progressive shrinking to train
from large to small sub-networks. It uses a trained

neural network and hardware-specific lookup ta-
bles to predict optimal sub-networks given target
hardware and constraints such as latency budgets.
DREAM-S employs target-aware supernet training,
using intermediate features and distillation signals
from the target model during draft training. This
jointly optimizes computational efficiency and tar-
get alignment, achieving better speedup ratios.

3 Methodology

Figure 2 illustrates the training and inference work-
flows of DREAM-S. During training, the draft
model processes multimodal inputs through two-
phase progressive training (TPPT) and adaptive
intermediate feature distillation (AIFD), detailed
in Sections 3.1 and 3.2, respectively. During in-
ference (Figure 2d), DREAM-S selects the draft
configuration that maximizes speedup on the target
hardware. The framework leverages intermediate
target features through cross-attention at inference
time and knowledge distillation during training.

3.1 Two-Phase Progressive Training

For the simplicity of interpretation, let M,, and
My, denote the target and draft models, containing
L and M transformer blocks, respectively. Let ¢,
and d,, be the n-th tokens generated by My, and
M 4, For the target model My,, the input consists
of ¢ text prompt tokens and v visual tokens. We
define s{fl and e{'fl as the intermediate hidden
state of the n-th token at layer j in My, and My,
respectively, with a total of H;_; attention heads.
Figure 2(a) illustrates the Two-Phase Progressive
Training (TPPT) procedure, which consists of two
main stages. In the first, warm-up training phase,
the entire draft model is trained. This includes the
entire set of weights within M.

The training process is illustrated in detail in
Figure 2(b). At the initial decoding stage, the tar-
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Figure 2: DREAM-S framework overview. (a) Two-Phase Training: supernet training followed by subnetwork
sampling. (b) Training with three losses: Lxr, Lfeat, and Laisii. () NAS exploring head pruning, token
compression, and feature injection. (d) Inference operation of DREAM-S.

get model receives both textual and visual prompt
tokens t1,...,t,, where n = g + v, and be-
gins predicting the subsequent token t,41. The
draft model My, then predicts the (n + 2)-th to-
ken, denoted as d,42. To enhance the quality
of draft token generation, we integrate interme-
diate features from both models using a cross-
attention mechanism. Specifically, we extract fea-
tures from a selected layer [ of the target model

M,,, represented as S' = (811,812, ...,sk), and

ren
from the j-th layer of the draft model Myg,, shown
as BV = (e],€),...,€,), where n’ = ¢ + r, and
0 < r < v is the number of visual tokens fed to
the draft model. In this cross-attention setup, E7

serves as query, S' provides the keys and values.

The second phase, multi-resolution training, uti-
lizes the OFA framework to train draft subnetworks.
Our NAS framework operates across three dimen-
sions grounded in established transformer optimiza-
tion principles, and we validate the necessity of
searching each dimension through preliminary ex-
periments on LLaVA-v1.6-Vicuna-7B. First, atten-
tion head pruning leverages observations that trans-
former attention heads exhibit varying importance
for model performance (Michel et al., 2019; Voita
et al., 2019; Xia et al., 2023b). We validate our
search dimensions by pruning 25% of attention
heads and 30% of visual tokens, each yielding a
6% speedup, as shown in Table 1. In addition,
DREAM-S explores adaptive target feature injec-
tion, searching for optimal extraction layers rather
than relying on fixed positions as in prior methods
such as EAGLE (Li et al., 2024d,c).

In addition, we explore the choice of layer in
the target model My, from which features are ex-

Configuration MSMT-Bench
-
Vanilla 245  6.50
Head pruning (0.75) 257 631
Input compression (0.7) | 2.56  6.40

Table 1: Impact of head pruning and input compression
on speculative decoding performance.

tracted for the cross-attention mechanism in the
draft model M, as illustrated in the Adaptive Tar-
get Feature Injection module in Figure 2(b). The
OFA search process is illustrated in Figure 2(c),
where during each training iteration of DREAM-
S, a draft subnetwork with a specific visual to-
ken budget 7+, attention head configuration H =
{H;},1 < j < M, and selected connection layer
[ is randomly sampled. This draft model, denoted
as My, (r,H,1), is then trained following the pro-
cedure described in Figure 2(b).

Attention Head-Wise Pruning. DREAM-S dy-
namically computes head importance without stor-
ing persistent rankings. Let H}; (where 1 < H <
Hj) represent the number of attention heads re-
tained at the j-th layer. During training, for each
subnetwork configuration, we select and retain a
top H J’ attention heads with the highest importance
scores. To evaluate the importance I; of each at-
tention head h, we aggregate the product of gra-
dients and their corresponding weight magnitudes
across all projection matrices associated with that
head (Michel et al., 2019; Molchanov et al., 2016):

L= 3 Y |vwEle sl Wiy @

Pe{Q,K,V} z,y



Here, Wl};’j denotes projection matrices (query (Q),
key (K), or value (V)) associated with head h at
layer j, and VW;J represents its corresponding
gradient. The notation [z, y] refers to the element
located at the x-th row and y-th column of the ma-
trix. In each training iteration, attention heads are
ranked using Equation 1, and a subset is selected
according to the specified budget H;.

Visual Token Compression. DREAM-S adopts
a target-aware token selection mechanism that
leverages the attention patterns of M;, to guide
this visual token selection. DREAM-S evaluates
the visual token importance using attention scores
from the target model’s final layer during the pre-
filling phase: Given target model attention weights
AWL) ¢ REBXHXQ@XK from the final layer, the im-
portance score for visual token j is:

1

L= —— AR )
In each forward pass, a token budget r is randomly
sampled from the budget pool R. Based on this
budget, only r visual tokens are retained from the
input according to their importance scores, while
the remaining tokens remain unchanged. This se-
lective compression preserves informative visual
features while reducing computational cost.

Adaptive Target Feature Injection. DREAM-
S explores the performance impact of selecting
different target layers. We consistently use final-
layer target features for supervision during warmup
training, then systematically explore different tar-
get layer choices during multi-resolution training to
optimize draft performance within our NAS frame-
work (Figure 2(b)). In each training iteration, a
target feature is randomly sampled from one of the
candidate layers in the target model and injected
into the draft model. To incorporate this feature, the
draft model includes a cross-attention layer inserted
at a predefined layer index. Specifically, we inte-
grate the target features from a selected layer I’ of
M, denoted as S¥ = (s, s5,...,s"), with the
intermediate features of the j-th layer of the draft
model My,, denoted as EV = (e],e},...,€,),
via a cross-attention mechanism. E7 serves as the
query, while 5! acts as the keys and values.

3.2 Adaptive Intermediate Feature
Distillation

Beyond the NAS framework detailed in Section 3.1,
DREAM-S adaptively selects intermediate features

from the target model My, for distillation into the
draft model’s early layers using a dedicated loss
function. To effectively guide the training of the
draft model M, the selected target features must
meet two essential criteria. They should capture se-
mantically meaningful content and exhibit low vari-
ability across layers to ensure stable learning. Prior
studies (Sun et al., 2020; Skean et al., 2025; Jain
et al., 2024) show that intermediate features with
low attention entropy and high consistency provide
stable supervision signals. DREAM-S adopts a sim-
ple yet effective strategy to identify such features
from each layer of the target model, as illustrated
in Figure 2(b), to support the efficient training of
the draft model. However, low entropy alone is
insufficient since a layer may exhibit low entropy
while fluctuating strongly between adjacent layers,
causing unstable supervision. DREAM-S therefore
jointly considers both the entropy value (AE(/))
and its inter-layer variation AAE(/), selecting lay-
ers that are information rich and consistent across
depth for robust knowledge transfer.

Specifically, for the [-th decoder block of
Mg, its input tokens and output tokens are de-
noted as S = (s{7h 857 ... s571) and

St = (sf, 85y ..., 8t ), respectively. Let the at-

r n
tention matrix A, associated with the [-th layer
T
be Ay = softmax(Qf/I; ), where Q, = S*~1Wg
and K; = S 'Wg, and z denotes the hid-
den dimension of the My,. The average at-
tention entropy (AE) is calculated as AE({) =

1 n n
-y Zj:1 Agijlog Ay, ; where Ay, ; de-

n
notes the (i, j)-th element of Ay. In practice with

multiple heads, AE(¥) is also averaged across the
selected attention heads of the subnetwork. To cap-
ture variation across layers, we further define the
one-step difference AAE(() = |AE({) — AE({ —
1) ‘ By jointly considering both AE(¢) and its
inter-layer variation AAE(/), we identify the opti-
mal distillation layer £;; = arg min,c; [AAE(() +
AE(()], ensuring transferred features from M, to
My, are semantically rich and locally stable.

3.3 TPPT Loss Design

This section presents the design of the TPPT
loss function. We employ a multi-component
weighted loss function to align draft model with
target model across multiple levels of representa-
tion, where A\ terms control relative importance
of each component. The loss function comprises
three terms: (1) a KL divergence loss Lx1, =



MMT SEED  ScienceQA OCRBench ChartQA MathVista\ Average
Models Methods S T S T S T S T S T S T ‘ S T
Temperature = 0
SPD (Gagrani et al., 2024) 1.10 1.88 0.81 1.17 1.08 1.87 0.89 1.25 091 1.24 1.06 1.76|0.97 1.53
Kangaroo (Liu et al., 2024a) 1.32 2.11 1.33 2.12 1.31 2.09 1.17 1.89 1.18 1.98 1.15 1.86|1.24 2.01
Medusa (Cai et al., 2024) 1.58 2.88 1.59 3.01 1.44 2.77 1.22 233 1.25 241 1.22 2.34|1.38 2.62
LLaVA-vl.6 Hydra (Ankner et al., 2024) 1.78 3.86 1.72 3.88 1.68 3.79 141 3.21 135 3.11 142 3.25|1.56 3.52
Vicuna-7B EAGLE (Lietal., 2024d) 2.10 5.04 2.09 5.01 1.98 4.88 1.72 4.13 1.56 3.98 1.78 4.25|1.87 4.55
EAGLE-2 (Li et al., 2024c) 2.31 5.48 2.31 5.61 2.15 522 192 488 1.77 422 1.87 4.67|2.05 5.01
EAGLE-3 (Li et al., 2025) 2.38 5.72 2.36 5.82 222 5.52 2.02 524 1.83 4.46 197 5.02|2.13 5.30
DREAM (Hu et al., 2025b) 2.52 6.40 2.48 6.20 2.33 5.82 2.05 4.88 1.89 4.44 2.11 532|2.23 551
DREAM-S 2.67 6.27 2.61 6.18 245 571 2.11 4.89 2.04 4.39 2.20 5.30|2.35 5.46
SPD 1.07 1.78 1.06 1.79 1.09 1.88 0.86 1.12 0.89 1.25 0.87 1.22]1.00 1.58
Kangaroo 143 1.77 1.51 1.87 1.22 1.55 1.21 1.54 1.27 1.61 1.53 2.01|1.36 1.72
Medusa 1.99 2.67 1.96 2.76 1.93 2.77 1.40 292 1.51 2.82 1.51 2.62|1.72 2.76
LLaVA-v1.6 Hydra 2.12 2.87 2.08 299 2.21 3.12 1.49 3.07 1.65 3.03 1.66 2.87|1.87 2.99
Vicuna-13B EAGLE 245 3.56 2.19 324 2.63 398 1.65 331 1.85 327 1.8 3.09|2.10 341
EAGLE-2 2.89 4.05 3.18 4.33 3.09 497 220 4.12 241 4.15 2.39 3.76|2.69 4.23
EAGLE-3 345 490 3.34 4.65 3.19 520 250 4.79 2.46 4.37 2.42 3.85|2.89 4.63
DREAM 3.68 5.58 3.51 534 336 529 2.69 4.64 2.59 420 2.53 4.18|3.06 4.87
DREAM-S 3.85 556 3.61 5.32 341 5.19 2.77 4.61 2.67 4.17 2.62 4.11|3.16 4.82
SPD 1.08 1.51 1.03 1.47 1.05 149 1.05 1.49 1.04 1.43 1.04 1.46|1.05 1.47
Kangaroo 1.26 1.54 1.09 1.39 1.14 1.51 1.16 1.52 1.12 147 1.13 149|1.15 149
Medusa 1.37 1.81 1.37 1.81 1.35 1.87 1.24 1.69 122 1.68 1.16 147|128 1.72
Pixtral-12B Hydra 1.58 2.24 1.47 2.04 1.53 2.06 138 1.81 1.34 1.79 1.36 1.78|1.44 1.95
EAGLE 2.38 3.47 197 253 231 3.64 1.69 273 1.78 2.84 1.64 2.47|1.96 2.95
EAGLE-2 2.81 3.95 2.31 3.07 2.64 4.03 2.12 325 2.14 3.17 1.81 2.73|2.31 3.37
EAGLE-3 2.83 4.12 2.46 340 2.79 441 222 348 226 3.51 2.13 3.38|2.45 3.72
DREAM 293 4.52 2.61 3.67 298 4.33 238 3.55 2.35 3.49 2.36 3.42|2.60 3.78
DREAM-S 3.01 4.41 2.73 3.56 3.09 3.93 246 3.44 240 3.42 242 3.34|2.69 3.68
SPD 1.02 1.33 1.04 1.41 1.06 143 1.06 1.42 1.07 1.46 1.02 1.34|1.04 1.40
Kangaroo 1.28 1.48 1.08 1.18 1.03 1.17 1.06 1.22 1.04 1.14 1.08 1.23|1.10 1.24
Medusa 2.12 271 1.51 2.00 1.72 222 120 1.61 1.15 1.55 1.35 1.75|1.51 1.97
SmolVLM-2B Hydra 2.33 3.07 1.62 2.08 198 2.66 132 1.74 1.22 1.58 1.51 1.98|1.66 2.19
EAGLE 2.57 342 1.85 2.56 2.16 2.76 1.42 1.88 1.34 1.77 1.65 2.22|1.83 2.44
EAGLE-2 296 3.89 2.12 293 2.39 321 1.65 2.11 1.51 2.13 1.81 2.63|2.07 2.82
EAGLE-3 3.00 3.94 2.17 3.04 2.65 3.57 1.78 233 1.60 2.30 1.97 2.84|2.20 3.00
DREAM 3.05 397 2.24 3.18 2.85 3.62 1.85 256 1.62 2.33 2.01 2.88|2.27 3.09
DREAM-S 3.12 394 2.28 3.16 291 3.57 1.88 2.51 1.64 2.28 2.06 2.82|2.32 3.05
Temperature = 1
SPD 0.83 1.19 0.81 1.15 0.85 1.18 0.75 1.06 0.72 1.08 0.92 1.48]0.81 1.19
LLaVA-v1.6 Kangaroo 1.20 197 1.26 2.03 1.23 2.01 1.09 1.80 1.11 1.89 1.07 1.77|1.16 1.91
Vicuna-7B EAGLE-2 2.19 537 220 548 2.04 5.12 1.82 477 1.68 4.13 1.76 4.56|1.95 491
EAGLE-3 2.25 570 2.25 572 2.10 538 1.89 5.01 1.71 4.28 1.88 4.98|2.01 5.18
DREAM 2.39 6.29 2.35 6.07 2.25 5.68 1.99 4.88 1.84 4.41 2.02 5.23|2.14 543
DREAM-S 2.50 6.25 245 592 233 556 2.03 475 1.97 4.22 2.09 5.13|2.23 5.30
SPD 0.88 1.22 0.84 1.25 0.84 1.32 0.79 1.18 0.81 1.14 0.88 1.24|0.84 1.22
LLAVA-v1.6 Kangaroo 1.23 1.57 1.17 1.53 1.07 144 1.01 124 1.07 1.34 1.21 1.67|1.13 146
Vicuna-13B EAGLE-2 2.35 3.75 3.02 430 3.03 4.67 2.03 3.87 2.18 3.83 2.18 3.41|2.46 3.97
EAGLE-3 2.92 477 3.12 4.61 3.06 4.89 2.08 4.03 2.26 4.04 2.19 3.55|2.61 4.32
DREAM 3.34 538 3.32 5.06 3.20 598 222 3.89 243 4.04 2.29 4.03|2.80 4.73
DREAM-S 3.51 5.37 3.55 5.00 3.38 5.88 2.35 3.92 2.59 4.09 2.38 3.99|2.96 4.71
SPD 0.81 1.15 0.79 1.11 0.80 1.12 0.80 1.13 0.75 1.07 0.77 1.09]0.79 1.11
Pixtral-12B Kangaroo 1.18 1.41 1.08 1.35 1.03 1.36 1.19 1.48 1.14 145 1.09 141|1.12 141
EAGLE-2 2.76 3.81 2.24 3.01 2.76 3.87 2.23 324 2.03 3.09 1.79 2.69|2.30 3.28
EAGLE-3 2.79 4.02 2.33 325 2.80 4.03 2.25 3.51 2.27 3.58 1.92 2.98|2.39 3.56
DREAM 290 4.02 2.47 3.57 293 394 229 346 221 3.21 2.16 3.27|2.49 3.58
DREAM-S 298 3.93 2.56 3.48 2.99 3.79 234 332 226 3.09 2.22 3.22|2.56 3.47
SPD 1.07 1.47 1.01 1.33 1.07 146 097 1.26 1.06 1.44 0.85 1.20|1.00 1.36
SmolVLM-2B Kangaroo 1.37 1.59 1.12 1.24 1.22 141 1.12 1.29 1.18 1.36 1.28 1.42|1.22 1.39
EAGLE-2 2.62 3.60 192 2.67 2.24 3.11 141 1.77 1.60 2.18 1.77 2.49|1.93 2.64
EAGLE-3 2.77 3.82 2.11 3.04 2.63 3.65 1.46 190 1.64 2.29 1.84 2.64|2.08 2.89
DREAM 2.88 3.66 2.25 3.33 291 3.74 154 2.12 1.77 2.51 197 2.70|2.22 3.01
DREAM-S 2.93 3.61 2.33 3.30 296 3.67 1.59 2.12 1.81 248 2.01 2.66|2.27 2.97

Table 2: Evaluation of DREAM-S on speedup ratio (S) and average accepted token length (7).

KL(softmax (D), softmax (7)) that ensures out-
put token distributions match between the draft
and target models, where D = (dy,...,d,) and
T = (t1,...,t,) represent the predicted token log-
its from the draft model M, and target model
M;q; (2) an intermediate feature distillation loss
Laistiy = smoothL1(E™, S) that aligns early-

)

layer features from the draft model (E™ with m =
1) with selected intermediate features from the tar-
get model (S%4); and (3) a feature alignment loss
Lieat = smoothL1(E, S) that matches the
final-layer features between the draft model’s out-

put EM = (e} ... e!M) and the target model’s
output S* = (s, ..., sL) to improve token accep-



tance rates. The loss L t;,,,; for TPPT is:

Lfinal = Afeat Leat + Adistitt Ldistit + Axr Lxr  (3)

4 Results

Experimental Setup. We assess DREAM-S
across four VLMs spanning different parameter
scales: LLaVA-v1.6-Vicuna (7B, 13B) (Liu et al.,
2024c), Pixtral (12B) (Agrawal et al., 2024) and
SmolVLM (2B) (Marafioti et al., 2025). Evalua-
tion is conducted on six multimodal benchmarks:
MMT-Bench (Ying et al., 2024), SEED-Bench-
2 (Li et al., 2023), ScienceQA (Lu et al., 2022),
OCRBench (Liu et al., 2024d), ChartQA (Masry
et al., 2022), and MathVista (Lu et al., 2024). We
measure two metrics: (1) Speedup ratio calcu-
lated as tAR/tmethod, Where tar represents the
average wall-clock time per token for standard au-
toregressive decoding and ¢,,¢thoq denotes the time
for each evaluated approach. (2) Average token
acceptance length 7, quantifying consecutive draft
tokens accepted during verification. We implement
six state-of-the-art SD methods adapted for VLMs:
SPD (Gagrani et al., 2024), Kangaroo (Liu et al.,
2024a), Medusa (Cai et al., 2024), Hydra (Ankner
et al., 2024), EAGLE 1, 2, 3 (Li et al., 2024d,c,
2025) and Dream (Hu et al., 2025b). Target VLMs
remain frozen while draft models undergo training.
‘We utilize the LLaVA-mix665k dataset with 55,000
training samples, supplemented by 1,000 samples
from each evaluation benchmark that are disjoint
from test sets for domain adaptation.

For multi-resolution training in TPPT, the vi-
sual token pruning budget pool is defined as R =
{0.1n,0.2n,...,n}, where n denotes the total
number of prompt tokens. The head pruning config-
uration is set as H; = {0.25H,0.5H,0.75H, H},
where H; is the number of retained attention heads
and H is the total number of heads. Adaptive token
feature injection searches across the last five layers
of the target model to determine the optimal layer
index for injecting features into the draft model.
After TPPT is complete, the optimal draft model is
selected by exhaustively searching through all sub-
network candidates to identify the one that achieves
the highest speedup. The draft architecture com-
prises three decoder layers. Loss term weights
are configured as: L = 0.2, Lgistin = 0.2,
and Lx1, = 1.0. All experiments run on a single
NVIDIA A100 80GB GPU.

Both phases of TPPT are trained for 68,000 iter-
ations using AdamW (81 = 0.9, 82 = 0.95) with

a learning rate of 3 x 10~° and gradient clipping
at 0.5. All experiments follow standard specula-
tive decoding practice with inference batch size
1, reporting wall-clock time per generated token
over the full decoding pipeline. All methods are
implemented in PyTorch 2.0.1 with HuggingFace
Transformers 4.36.2 under CUDA 12.4.
Regarding training cost, Phase 1 supernet train-
ing requires approximately 3.5 hours per epoch on
four NVIDIA A100 80GB GPUs for LLaVA-v1.6-
Vicuna-7B, which is identical to the cost of stan-
dard single-draft fine-tuning as in EAGLE. Phase 2
subnet training adds approximately 1 additional
hour per epoch due to dynamic pruning opera-
tions. The NAS search is conducted offline once
per model-hardware pair, taking roughly 12 min-
utes per 100 mini-batches on a single A100, and
is not repeated during deployment. This one-time
cost is fully amortized over all subsequent infer-
ence on that hardware platform and remains negli-
gible compared to standard VLM pretraining.

4.1 Main Results and Discussion

Table 2 demonstrates DREAM-S’s performance
across four VLMs and six multimodal benchmarks,
showing consistent superiority over existing specu-
lative decoding methods in both speedup ratios
S and token acceptance lengths 7. DREAM-S
achieves substantial acceleration across all eval-
uated models, with average speedups ranging from
2.32x to 3.16x compared to standard autoregres-
sive decoding. Most notably, DREAM-S consis-
tently outperforms the strongest existing baselines,
including both EAGLE-3 and DREAM. Compared
to EAGLE-3, DREAM-S achieves higher aver-
age speedups across all evaluated models, with
improvements of 10% on LLaVA-7B (2.35% vs
2.13%), 9% on LLaVA-13B (3.16x vs 2.89x),
10% on Pixtral-12B (2.69x vs 2.45x), and 5%
on SmolVLM-2B (2.32x vs 2.20x). DREAM-
S also consistently surpasses DREAM, yielding
additional speedups of 2-5% across all models,
including LLaVA-7B (2.35x vs. 2.23x), LLaVA-
13B (3.16x vs. 3.06x), and Pixtral-12B (2.69 x
vs. 2.65%). Interestingly, while DREAM-S’s token
acceptance lengths are sometimes comparable to
or slightly lower than DREAM (e.g., 6.27 vs 6.40
on LLaVA-7B for MMT-Bench, 5.19 vs 5.29 on
LLaVA-13B for ScienceQA), DREAM-S achieves
higher speedups through attention head pruning
and visual token compression, which reduce draft
model FLOPs. This creates a favorable trade-off



where slightly lower or comparable draft quality
is more than compensated by substantially more
efficient token generation.

Larger models demonstrate greater benefits from
DREAM-S’s optimizations. The 13B LLaVA
model achieves the highest speedup of 3.16x, com-
pared to 2.35x for the 7B variant. This aligns with
the expectation that computationally heavier target
models create more opportunities for draft model
acceleration. Pixtral-12B shows competitive per-
formance despite its larger parameter count, sug-
gesting that DREAM-S’s target-aware compression
effectively handles diverse architectural designs.

DREAMS-S exhibits varying effectiveness across
different benchmark types. Vision-language rea-
soning tasks like MMT-Bench and ScienceQA
yield the highest speedups (e.g., 2.67x and 2.45x
respectively on LLaVA-7B), as these tasks bene-
fit from DREAM-S’s ability to capture semantic
relationships between visual and textual content.
Conversely, tasks requiring precise visual detail
recognition, such as OCRBench, show modest im-
provements, reflecting the difficulty of compressing
visual information without accuracy loss.

Temperature settings critically impact perfor-
mance, with DREAM-S achieving optimal results
at deterministic decoding 7' = 0 but degrading
moderately under stochastic sampling 7' = 1 due to
increased token variance. Nevertheless, on LLaVA-
v1.6-Vicuna-7B, DREAM-S maintains superior
performance with 2.23x speedup and 7 = 5.30
versus EAGLE-3’s 2.01x speedup and 7 = 5.18
and Dream’s 2.14 x speedup and 7 = 5.43.

Furthermore, under zero-shot evaluation using
only 40,000 training samples with no benchmark-
specific data, DREAM-S continues to outperform
both EAGLE-3 and DREAM with an average
speedup of 1.72x versus 1.65x and 1.59x respec-
tively, demonstrating that DREAM-S’s gains stem
from architectural advantages rather than domain-
specific data augmentation (Appendix Table 7).

Comparison with Vispec We additionally com-
pare DREAM-S against ViSpec (Kang et al., 2025),
a concurrent VLM-specific speculative decoding
method that accelerates VLM inference using a
lightweight vision adaptor for image token com-
pression and global visual feature injection into text
tokens. To ensure a fair comparison, we use iden-
tical training data (LLaVA-mix665k with 55,000
samples plus 6,000 benchmark-disjoint samples)
rather than ViSpec’s synthetic long-response data.

MMT SEED ScienceQA Average

Model Method

S T S T S T S T

LLaVA-v1.6
Vicuna-7B

ViSpec 232 328 233 317 221 268 229 3.04
DREAM-S 267 627 261 6.18 245 571 258 6.05

LLaVA-v1.6
Vicuna-13B

ViSpec 321 465 320 451 313 335 318 417
DREAM-S 385 556 3.61 532 341 519 3.62 536

Table 3: Evaluation of ViSpec vs. DREAM-S on
speedup ratio (S) and average accepted token length
(7) at temperature = 0.

As shown in Table 3, DREAM-S outperforms ViS-
pec across all benchmarks on both LLaVA-v1.6-
Vicuna-7B and 13B, with average speedup improve-
ments of 12.7% on LLaVA-7B (2.58 X vs. 2.29x)
and 13.8% on LLaVA-13B (3.62x vs. 3.18x),
demonstrating DREAM-S’s superior performance
under controlled training conditions.

4.2 Ablation Studies

Impact of NAS searching dimension. To evalu-
ate the impact of each NAS search dimension, we
conduct ablation studies on LLaVA-v1.6-Vicuna-
7B using MMT-Bench. Specifically, we assess
the contributions of searching visual token prun-
ing (7), attention head pruning (H ;), and adaptive
target feature injection (I’) by disabling each di-
mension individually. The results are shown in
Figure 3(b), where {R, H, —2} denotes searching
only for the optimal visual token and head pruning
while fixing the draft injection to the second-to-top
layer. Similarly, {1,H, L} and {R, 1, L} indicate
disabling visual token and head pruning search.
Figure 3(b) shows that DREAM-S achieves the
highest speedup (2.67x) while maintaining com-
petitive token acceptance (7 = 6.27). Removing
head pruning dimension reduces speedup to 2.62 x
but increases acceptance length to 7 = 6.44, as the
larger draft model with full attention heads captures
more information but incurs higher computational
cost. Removing visual pruning dimension further
decreases speedup to 2.51x while achieving the
highest acceptance length (7 = 6.50), since pro-
cessing all visual tokens provides complete visual
context at the expense of increased latency. Us-
ing the target feature injection at fixed position
degrades performance (2.48 x speedup), showing
that adaptive target feature injection is crucial.

Evaluation of AIFD. We evaluate the impact
of the adaptive intermediate feature distillation
(AIFD) strategy described in Section 3.2 on
DREAM-S performance. Experiments are con-
ducted using the LLaVA-v1.6-Vicuna-7B model
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Figure 3: (a) FLOPs of the selected draft models. (b) DREAM-S performance in various NAS settings. (c)
Evaluation of AIFD. (d) Impact of A on DREAM-S performance. In (b)—(d), bars show speedup (left axis) and red

curve shows acceptance length (right axis).

across MMT-Bench, SEED-Bench, and ScienceQA
datasets. To show its advantage, we design four
baselines: (1) No Mid Tuning (No Mid), which
trains DREAM-S without intermediate features;
(2) Static-25% (S-25%), using features from posi-
tion of target model’s 25% depth; (3) Static-50%
(S-50%) extracting from 50% depth; and (4) Static-
75% (S-75%) utilizing 75% depth features.

Figure 3(c) presents the results. Training without
intermediate supervision yields the lowest perfor-
mance. While static approaches show progressive
improvement with depth (Static-75% strongest),
AIFD consistently outperforms all static baselines,
confirming that adaptive layer selection based on
attention entropy effectively identifies the most in-
formative supervision signals.

Adaptivity of DREAM-S across Different Hard-
ware Conditions. Unlike existing SD baselines
that are agnostic to hardware conditions, DREAM-
S adapts to different hardware platforms by search-
ing the subnetwork space and adjusting draft model
configurations, achieving superior performance
across diverse hardware conditions. To show this,
we evaluate DREAM-S across three different GPU
architectures: Nvidia RTX8000 48GB, Nvidia
A100 80GB, and Nvidia H100 80GB, representing
different hardware conditions. The experiments are
conducted on the LLaVA-v1.6-Vicuna-7B model
across the MMT-Bench, SEED-Bench, and Sci-
enceQA datasets. Table 4 indicates that DREAM-S
consistently outperforms EAGLE-3 across all hard-
ware configurations. On high-performance GPUs
like H100, DREAM-S achieves 2.99x speedup
compared to EAGLE-3’s 2.67x, with throughput
reaching 153.12 tokens/s versus 142.25 tokens/s.
On resource-constrained hardware like RTX8000,
DREAM-S achieves 2.23 x speedup while EAGLE-
3 drops to 1.88x, showing DREAM-S’s robustness
across diverse hardware environments.

GPUs Eagle-3 DREAM-S
Speedup Tokens/S | Speedup Tokens/S
A100 2.26x 84.67 2.58x 94.43
H100 2.67x 142.25 2.99x 153.12
RTX8000 | 1.88x 37.44 2.23% 43.73

Table 4: Eagle-3 vs. DREAM-S Performance.

Impact of Lambda Setting. As described in
equation 3, the loss weights Afcqt, Agistin, and
Axr control the relative importance of the loss
function. Since Ly, and L g;1; are both smooth
L1 losses operating at similar scales with compa-
rable roles in feature alignment, we set Afeq; =
Adistiy to simplify hyperparameter tuning. The KL
divergence loss maintains consistent influence with
Axr = 1. Figure 3(d) demonstrates the impact
of varying A.q; on LLaVA-v1.6-Vicuna-7B per-
formance across three benchmarks. Each number
represents the static (S) value for both Af.,s and
Adistitl> While Agcr, is fixed to 1. Increasing Afeqq
from 0.05 to 0.2 improves performance metrics
across all datasets, indicating that stronger feature
supervision enhances draft quality. However, fur-
ther increasing to 0.4 leads to performance drop,
suggesting that excessive feature supervision can
impair the model’s ability to generalize effectively.
This validates our choice of Ateqt = Agistin = 0.2,
as the optimal balance point.

5 Conclusion

In this paper, we introduce DREAM-S, a SD
framework optimized for VLMs that generalizes
robustly across diverse hardware platforms and
model scales. By combining neural architecture
search and attention-guided feature distillation,
DREAM-S achieves up to 3.85x speedup over the
existing SD baseline while preserving task perfor-
mance across diverse multimodal benchmarks.



Limitations

Our contribution is primarily system-level and
application-driven. Rather than proposing a new
generic NAS algorithm or theoretical decoding
principle, we instantiate a multimodal, hardware-
aware search space for draft design and adopt ex-
haustive evaluation given its current moderate size.
As the space scales to richer architectures or de-
vices, DREAM-S can naturally incorporate more
advanced strategies such as OFA-style predictor-
based search. Additionally, for architectures with
fundamentally different structural components such
as MoE-based VLMs, the search dimensions them-
selves may need to be revisited, as attention head
pruning may interact non-trivially with expert rout-
ing mechanisms. Extending DREAM-S to such
architectures is an interesting future direction.
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A Appendix

Two-Phase Progressive Training Algorithm.
The complete algorithm for our Two-Phase Pro-
gressive Training (TPPT) framework is presented
in Algorithm 1. This algorithm encompasses both
the warm-up training phase (Phase 1) and the multi-
resolution training phase (Phase 2) described in
Section 3.1.

Algorithm 1 Two-Phase Progressive Training for
drafting (TPPT)

Require: Training dataset D, supernet draft model M 4, tar-
get model My,
Output: Trained model with optimal subnet architectures

Initialize supernet parameters 6

Phase 1: Supernet Training

for each supernet training epoch do

for each batch B € D do

T,S + M;q(B) {Target model forward pass}
ST« S {Target’s final hidden features}
S « AIFD(S) {Adaptive Intermediate Layer dis-
tillation }
D,E™ E™ <« Mgya(B,S*) {Draft model forward
pass}
Compute Loss(S*" JE™ St EM T D)
Update 0

Phase 2: Subnet Training

for each subnet training epoch do

for each batch B € D do

T,S + Mqa(B)
5S¢ « AIFD(S)
Sample r, H;,!' From R, H, L
B’ < Prune(B,r) {Apply Visual Token Compres-
sion}
S' s {Extract Target’s feature from selected
layer}
D,E™ EM « My, (B',H},S") {Draft Model
forward }
Compute Loss(S*" JE™ SE EM T D)
Update 6

Search Space Granularity Analysis. To
validate the sufficiency of our chosen search space
granularity, we conduct experiments comparing
standard and doubled search resolution configu-
rations on LLaVA-v1.6-Vicuna-7B across three
benchmarks (Table 5). During the TPPT training
phase, both standard and doubled granularity
configurations utilize their respective complete
search spaces. Our standard Head Pruning Ratio
trains with search space {0.25,0.5,0.75,1.0},
while the Double Head Pruning Ratio con-
figuration trains with the finer grained space
{0.125,0.25,0.375,0.5,0.625,0.75,0.875, 1.0}.

Similarly, our standard Vision Compres-
sion Ratio trains with the budget pool
R = {0.1n,0.2n,...,n}, whereas the Dou-

ble Vision Compression Ratio trains with
{0.05n,0.1n,0.15n,...,n}. After training, we
perform exhaustive NAS search across all trained
subnetworks to identify the optimal configuration
for each benchmark. MMT Bench uses 8,000
training samples, SEED Bench uses 8,000 samples,
ScienceQA uses 6,000 samples, OCRBench uses
8,000 samples, ChartQA uses 8,000 samples
and MathVista uses 5,000 samples, with all
benchmarks evaluated on 1,000 test samples.

Table 5 demonstrates that doubling the search
space granularity yields negligible performance dif-
ferences, with maximum speedup variation of only
0.02x, confirming that our chosen search space
provides adequate coverage of the optimization
landscape without requiring computationally ex-
pensive fine-grained search. Furthermore, compar-
ing these results with the preliminary experiments
in Table 1 reveals DREAM-S’s training effective-
ness: after full TPPT training, DREAM-S achieves
substantially higher speedups (2.65x vs 2.57x for
head pruning configurations, 2.67 x vs 2.56x for
visual compression) despite maintaining compara-
ble token acceptance lengths. This improvement
demonstrates DREAM-S’s ability to apply more
aggressive pruning strategies during training while
preserving draft model quality, enabling superior
speed-accuracy trade-offs compared to naive prun-
ing approaches applied without integrated training
optimization.

Draft Window Size Analysis. Table 6 reveals
the fundamental trade-off in speculative decoding
between draft sequence length and computational
efficiency. The draft window size determines the
maximum number of tokens the draft model can
generate before verification by the target model. As
v increases from 4 to 8, the average accepted token
length (7) consistently improves across all bench-
marks, with MMT-Bench showing an increase from
4.89 to 7.05 tokens. However, this improvement
comes at the cost of reduced speedup ratios, which
decline from 2.76x to 2.59x on MMT-Bench. This
trade-off occurs because when draft sequences are
rejected, the computational cost of generating all
the rejected tokens is wasted, and rejection typ-
ically happens early in the sequence, rendering
most subsequent tokens in longer draft windows
wasteful. The diminishing speedup returns beyond
=6 suggest an optimal balance point where the
computational overhead of generating additional
draft tokens begins to outweigh the benefits of po-



. MMT-Bench | SEED-Bench-2 | ScienceQA | OCRBench | ChartQA MathVista
Configuration
S T S T S T S T S T S T
Head Pruning Ratio 265 632 | 254 6.20 244 6.10 | 2.02 4.84 | 192 435|203 522
Double Head Pruning Ratio 266 634 | 253 6.18 244 6.09 | 201 4.82|190 438|203 5.19
Vision Compression Ratio 2.67 640 | 2.60 6.22 2.57 6.02 | 207 488|194 444|213 532
Double Vision Compression Ratio | 2.66  6.37 | 2.62 6.22 257 6.00|2.09 485|195 443|212 528

Table 5: Analysis of search space granularity on LLaVA-v1.6-Vicuna-7B at Temperature=0

tentially longer accepted sequences. This analysis
validates our choice of =6 in the main experiments
and demonstrates that effective speculative decod-
ing requires careful calibration between speculation
aggressiveness and computational efficiency.

 (Draft Window Size) MMT-Bench | SEED-Bench-2 | ScienceQA
S T S T S T

4 276 4.89 | 2.68 4.79 2.53 487

5 273 578 | 2.69 5.62 2.56  5.09

6 2,67 627 | 2.61 6.18 245 571

7 262 672 | 255 6.54 241 593

8 259  7.05 | 251 7.07 236 6.37

Table 6: Evaluation of draft window size (y) impact on
DREAM-S performance for LLaVA-v1.6-Vicuna-7B at
Temperature=0.

Entropy and Delta Entropy Visualization. As
shown in Figure 4, while entropy captures the av-
erage uncertainty of token-level attention distribu-
tions, it reflects how dispersed or concentrated the
attention is in each layer. However, model stability
and information flow depend on how that entropy
changes across layers. A entropy highlights fluctu-
ations, revealing whether a layer’s attention is be-
coming more stable or more chaotic relative to its
neighbors. If we used only entropy, we would over-
look these dynamic shifts and miss layers where
abrupt structural changes or information transitions
occur. By summing entropy and A entropy, the
total metric integrates both the static view of un-
certainty and the dynamic view of its variation,
providing a more faithful signal for selecting layers
and guiding downstream decisions.

Zero-Shot Generalization. To assess DREAM-
S’s generalization beyond domain-adapted training,
we retrain DREAM-S, DREAM, and EAGLE-3
using only 40K samples from LLaVA-Mix665K,
excluding all evaluation benchmark samples. As
shown in Table 7, performance drops modestly
across all three methods due to reduced training
data, confirming this is a shared property of spec-
ulative decoding approaches rather than a limita-

tion unique to DREAM-S. Even under this stricter
zero-shot setting, DREAM-S continues to achieve
the highest average speedup of 1.72x, outper-
forming DREAM (1.65x) and EAGLE-3 (1.59x).
This demonstrates that DREAM-S’s gains stem
from its architectural advantages, including NAS-
driven draft optimization, adaptive visual token
compression, and attention-entropy-guided distil-
lation, rather than from domain-specific data aug-
mentation.

Generalizability with Fixed Configuration. To
evaluate whether DREAM-S’s gains depend on per-
dataset NAS tuning, we test a single fixed draft con-
figuration applied uniformly across all four VLMs
and six benchmarks, with no dataset-specific adap-
tation. Table 8 reports speedup ratios (S) and
average accepted token lengths (7) for this fixed-
configuration variant (DREAM-S Fixed) alongside
the dataset-adaptive DREAM-S.

The fixed configuration still decisively outper-
forms all baselines, including the strongest com-
petitors EAGLE-3 and DREAM (see Table 2).
For example, on LLaVA-13B, DREAM-S Fixed
achieves 3.11x average speedup versus EAGLE-
3’5 2.89x and DREAM’s 3.06 x. The performance
gap between fixed and adaptive configurations is
most noticeable on fine-grained visual benchmarks
such as OCRBench, ChartQA, and MathVista,
where aggressive visual token pruning can discard
detail needed for character- or chart-level precision.
These results confirm that DREAM-S’s improve-
ments stem from genuine architectural and training
advances rather than just from dataset-specific con-
figuration tuning, while also demonstrating that the
NAS search adds meaningful value for tasks with
heterogeneous visual complexity.



MMT-Bench
S T

SEED-Bench-2
S T

ScienceQA
S T

OCRBench
S T

Average
S T

Method

ChartQA MathVista
S T S T

EAGLE-3 1.87 455 | 1.86 4.48 1.70 4.18 | 1.41 338 | 1.40 341|128 3.08 | 1.59 3.85
DREAM 1.92 4.66 | 1.90 4.63 1.74 424 | 1.47 3.50 | 156 3.78 | 1.30 3.12 | 1.65 3.99
DREAM-S | 2.01 4.61 | 1.99 4.59 1.81 4.20 | 1.51 347 | 1.65 3.77 | 1.35 3.13 | 1.72 3.96

Table 7: Zero-Shot Performance Comparison on LLaVA-Vicuna-7B (Temperature = 0) on speedup ratio (S) and
average accepted token length (7).

MMT SEED  ScienceQA OCRBench ChartQA MathVista‘ Average

Models Methods s S S 7 S 7 S r S 71]S 7
DREAM-S (Fixed) 2.67 6.27 2.54 6.03 239 5.57 207 478 194 431 2.13 523[2.29 539
DREAM-S  2.67 627 2.61 6.18 2.45 571 2.11 4389 2.04 439 220 5.30|2.35 5.46
DREAM-S (Fixed) 3.85 5.56 3.56 521 340 524 270 4.54 2.61 407 2.56 4.06(3.11 4.78
DREAM-S  3.85 556 3.61 532 341 5.19 2.77 461 2.67 4.17 2.62 4.11|3.16 4.83
DREAM-S (Fixed) 2.99 4.48 271 348 3.04 3.84 239 336 237 335 2.38 3.23(2.65 3.62
DREAM-S 3.1 441 2.73 356 3.09 393 246 344 240 342 242 3.34]2.69 3.68
DREAM-S (Fixed) 3.12 3.94 226 3.14 2.88 3.54 188 2.51 1.63 2.26 2.04 2.79]2.30 3.03
DREAM-S  3.12 394 2.28 3.16 2.91 357 188 251 164 2.28 2.06 2.82|2.32 3.05

LLaVA-Vicuna-7B

LLaVA-Vicuna-13B

Pixtral-12B

SmolVLM-2B

Table 8: Evaluation of DREAM-S with Fixed Configuration compared with DREAM-S on speedup ratio (S) and
average accepted token length (7).
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Figure 4: Layer-wise comparison of entropy, Aentropy, and their sum.
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