SMART: When is it Actually Worth Expanding a
Speculative Tree?

Lifu Wang! and Pan Zhou' *

Singapore Management University, Singapore
{lifuwang, panzhou}@smu.edu.sg

Abstract. Tree-based speculative decoding accelerates autoregressive
generation by verifying a branching tree of draft tokens in a single target-
model forward pass. However, existing methods prioritize maximizing
token-level likelihood or the number of accepted tokens while ignoring
a critical “efficiency paradox”: the computational overhead of drafting
and verifying big trees can grow super-linearly, particularly at scale.
This often leads to negative wall-clock speedup when batch sizes in-
crease or hardware saturation limits are reached. To address this, we
propose SMART, a System-aware Marginal Analysis framework for
Runtime Tree construction. SMART reformulates tree expansion as a
hardware-aware optimization problem that directly maximizes end-to-
end speedup. By applying a principled marginal benefit—cost rule at in-
ference time, SMART expands a node only when its marginal benefit—
cost ratio exceeds the tree-level speedup. SMART is training-free and
serves as a plug-and-play controller for existing frameworks like MSD
and EAGLE. Extensive evaluations across three MLLMs (e.g., LLaVA,
Qwen2-VL) and four LLMs (e.g., Llama-3.1, DeepSeek-R1) demonstrate
that SMART consistently outperforms state-of-the-art baselines. It de-
livers an average additional speedup of 20.0% for MLLMs and 15.4%
for LLMs across compute-bound batching regimes and diverse GPU ar-
chitectures without performance loss.
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1 Introduction

Autoregressive decoding is the computational workhorse of modern generative
AT, underpinning both Large Language Models (LLMs) [1,7,9,31,32] and Multi-
modal LLMs (MLLMs) [17,22,37] for tasks ranging from (visual) reasoning [4,11]
to high-fidelity image synthesis [29]. Yet its core mechanism is intrinsically se-
quential: tokens must be generated one after another. As model sizes grow and
outputs become longer, this strict dependency chain turns into a dominant la-
tency bottleneck, throttling throughput and inflating serving cost in real deploy-
ments.
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Fig. 1: Speedup over autoregressive decoding across batch sizes (data from Table 3).
Likelihood-maximizing tree methods such as Multimodal Speculative Decoding (MSD)
exhibit severe performance degradation at large batch sizes, dropping below 1x at
batch 12 on L40S and reaching only 0.82x at batch 32 on RTX Pro 6000. In contrast,
our speedup-maximizing approach maintains consistent speedup by constructing trees
based on the verification budget and device-specific cost models. This demonstrates
that tree construction must be scalable with batch size and hardware-aware.

Speculative decoding [5,16] has emerged as a practical strategy to break this
sequential barrier. It uses a lightweight draft model to propose multiple candidate
tokens, which are then verified by the target model in parallel. Tree-based spec-
ulative decoding [20,21,26] further extends this by constructing a draft tree—a
branching structure of multiple candidate continuations. By verifying an entire
tree in a single forward pass, the system increases the expected acceptance length
(number of accepted tokens) per target model forward. Conventional meth-
ods |20, 21] typically drive tree expansion via token-level likelihood, selecting
candidates with the highest cumulative probability. More recently, GTO [12] ar-
gues that token-level likelihood maximization during training is a poor proxy for
the actual speculative-decoding goal, and proposed training objectives that di-
rectly maximize the expected acceptance length of the draft tree, aligning training
with inference behavior and improving over vanilla speculative decoding.

Unfortunately, the ultimate goal of speculative decoding is not to maxi-
mize the number of tokens accepted, but to maximize end-to-end wall-clock
speedup. Existing designs suffer from a fundamental misalignment with system-
level costs. Specifically, speedup is a function of both the acceptance length and
the computational overhead of drafting and verification. Greedily expanding a
tree to capture more tokens can be counterproductive; if the marginal cost of
verifying a larger tree outweighs the gains in acceptance length, the system
may experience “negative speedup,’ performing worse than vanilla autoregres-
sive decoding. Experienced inference practitioners are well aware of this issue and
routinely profile latency to tune speculative-decoding configurations. However,
current practice relies on offline grid search over static hyperparameters that



SMART: When is it Actually Worth Expanding a Speculative Tree? 3

remain constant across all inputs and must be re-tuned whenever the hardware,
batch size, or workload distribution changes.

As illustrated in Fig. 1, this mismatch is exacerbated by two critical factors
in production environments: batch-size scalability and hardware hetero-
geneity. First, as batch sizes increase, the computational overhead of verifying
big draft trees grows super-linearly. In memory-bandwidth bound regimes (e.g.,
b = 1), verifying a large tree is beneficial as it amortizes the high cost of weight
loading. However, once the batch size exceeds a hardware-specific threshold—
approximately b > 8 for an RTX Pro 6000—the GPU shifts into a compute-
bound regime. In this state, the arithmetic intensity of verifying a large tree
for every sequence in the batch exceeds the device’s peak throughput, causing
the verification cost to outweigh the gains in acceptance length. Second, the
“pivot point" where this bottleneck occurs is highly device-specific. For instance,
a likelihood-maximizing tree constructed by MSD yielding 1.8x speedup on an
RTX Pro 6000 may drop to 1.2x on an L40S at the same batch size of 8 be-
cause the latter saturates its compute units earlier. These results underscore
that a likelihood-maximizing tree is inherently suboptimal. Effective speculative
decoding requires hardware-aware draft tree construction that adapts to the
specific arithmetic intensity and saturation limits of the underlying GPU.

In this paper, we adopt a system-oriented view of speculative decoding.
Instead of asking how to mazimize acceptance length, we ask: When is it computa-
tionally worth expanding the draft tree, and which expansions measurably improve
end-to-end speedup under the current hardware and batching regime? Our goal
is to automate the manual, latency-aware deployment tuning that practitioners
currently perform offline into an online, context-adaptive marginal decision rule.

Contributions. We propose SMART, a System-aware Marginal Analysis
framework for Runtime Tree construction in speculative decoding. SMART
constructs a speedup-maximizing draft tree at inference time using a principled
marginal benefit—cost rule. Importantly, SMART is training-free: it requires no
changes to the draft model or target model weights, making it an out-of-the-box
drop-in improvement for existing speculative decoding pipelines (e.g. MSD [21]
and EAGLE-3 [20]). Our main contributions are three-fold.

First, we define a system-level speedup objective. Given a draft tree T,

we explicitly model the end-to-end speedup as R(T) = #&tzm,

L*e¢ is the expected number of accepted tokens (i.e., acceptance length) of the
tree T, cp is the per-token cost of vanilla autoregressive decoding under the
target model, and Carafe and Clerity are the total drafting and verification costs
induced by the tree. Intuitively, the c7- L'**® denotes the cost of vanilla sequential
decoding for generating L' tokens, while Cysaft + Clerity is the cost of spec-
ulative decoding for getting L'™°® accepted tokens. Therefore, this formulation
makes the central trade-off explicit: maximizing L% alone can be suboptimal
if it increases Clrafs + Clerity disproportionately. By directly optimizing the ra-
tio R(T), SMART targets the metric that matters in deployment: wall-clock
speedup relative to vanilla decoding.

where
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Second, SMART builds upon the reward R(7) to propose a speedup-maximizing
tree expansion framework. To maximize the reward efficiently, SMART formu-
lates tree construction as a sequence of speedup-maximizing expansion decisions.
At each layer, we estimate the marginal gain and marginal cost of expanding each
candidate node, and expand a node only when its marginal benefit—cost ratio
exceeds the current tree’s global ratio. This criterion ensures that local expan-
sions improve the global speedup objective, allowing the tree shape to adapt to
both the context difficulty and the available hardware budget.

Finally, SMART is training-free and applicable for plug-and-play deployment.
SMART does not modify the draft model, the target model, or the verification
mechanism. Instead, it replaces the likelihood-maximizing tree-construction pol-
icy with a speedup-maximizing policy. As a result, SMART is immediately com-
patible with existing speculative decoding systems and can be integrated as a
lightweight inference-time controller.

Extensive evaluations across three MLLMs (LLaVA-1.5-7B and LLaVA-1.5-
13B [22], and Qwen2-VL-7B-Instruct [33]) and four LLMs (LLaMA-3.1-Instruct-
8B and LLaMA-3.3-70B [9], Vicuna-1.3-13B [7], and DeepSeek-R1-Distill-LLaMA-
8B [11]) demonstrate that SMART consistently improves end-to-end speedup
over strong baselines such as MSD [21] and EAGLE-3 [20], yielding an aver-
age of 20.0% additional acceleration on MLLMs and 15.4% on LLMs, while
remaining robust across diverse hardware and batching scenarios.

2 Related Work

Speculative decoding accelerates autoregressive generation by proposing draft
tokens with a lightweight model and verifying them in parallel using the target
model. [5,16,26,30]. One line of work focuses on the design and training of draft
models. Medusa [3] trains multiple prediction heads to generate draft tokens in
parallel. EAGLE [19] predicts future representations in the feature space, while
EAGLE-3 [20] later returns to token-level prediction with scaled training data.
HASS [34] explicitly mitigates feature-level draft—target mismatches, and GRIF-
FIN [13] further reduces token-level draft—target mismatches. GTO [12] treats
the expected acceptance length of draft trees as a reward signal and updates the
draft model using a PPO-style surrogate objective. Another line of work focuses
on constructing draft trees, which is also the focus of our work. These methods
can be divided based on whether they require training extra modules. On the
training side, SpecDec++ [14] and DISCO [24] learn classifiers to predict opti-
mal draft lengths. On the inference side, EAGLE-2 [18] proposes a context-aware
dynamic draft tree to increase acceptance length. TapOut [28] and SVIP [35] rely
on per-token heuristics such as entropy or confidence scores to determine when
to stop drafting. However, although these token-level heuristics are simple and
system-friendly, they often suffer from threshold sensitivity and limited trans-
ferability. In contrast, SMART makes expansion decisions through a marginal
benefit—cost ratio analysis and does not rely on externally tuned thresholds.
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Fig. 2: Comparison of likelihood-maximizing ((a)—(b)) and speedup-maximizing tree
construction (c). (a) Expansion phase. At each layer, the method selects the top-2
nodes with the highest cumulative probability predicted by the draft model (orange)
and generating their top-2 children (green) using the draft model. (b) Rerank phase.
After reaching the maximum depth, all nodes in the tree are globally reranked by
confidence and the top-8 nodes (bluc) are retained for verification. (¢) SMART.
Instead of expanding all candidates, SMART evaluates each node’s marginal benefit—
cost ratio (AR = %, with marginal terms defined in Eqn. 10) online and only
expands nodes ( ) that improve the overall speedup, producing a smaller and more
efficient draft tree.

3 Methodology

Motivated by the mismatch between likelihood-driven tree heuristics and end-to-
end speedup, we propose a speedup-maximizing framework that constructs draft
trees by directly optimizing a device-specific speedup objective. Our method
has two components. First, we define an end-to-end speedup metric (Sec. 3.1)
that captures true wall-clock efficiency by balancing expected accepted tokens
against the measured costs of drafting and verification on a given device. Second,
we formulate tree construction as a sequential decision problem (Sec. 3.2) and
greedily expand tree nodes only when their marginal benefit—cost ratio exceeds
the current tree’s global ratio. This ensures each tree expansion improves the
global speedup objective while preserving linear-time construction.

3.1 Expected Speedup of A Draft Tree

We start by introducing how likelihood-maximizing draft trees are constructed.
State-of-the-art approaches such as EAGLE-3 [20] and MSD [21] construct a
depth-d draft tree with a fixed two-stage policy: (i) as shown in Fig. 2a, at each
layer, we select the global top-k nodes by computing cumulative probability P(u)
from token probability given by the draft model; (ii) as shown in Fig. 2b, after
reaching the maximal depth d, namely, finishing tree construction, we re-rank
tree nodes by P(-) and keep the top-g nodes for verification. These methods
optimize the acceptance rate of draft tokens. However, higher acceptance does
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not necessarily imply higher speedup. As discussed in Sec. 1, this assumption
can fail because speedup depends on both the number of tokens accepted and
the computation cost required to produce and verify them, which varies with
batch size and hardware.

To resolve this issue, we evaluate the quality of a draft tree using a system-
level speedup that directly compares the generation cost (i.e., wall-clock time) of
vanilla autoregressive decoding and speculative decoding. Formally, given draft
tree 7, we define its expected speedup as

er - Ltree

- Cdraft (T) + Cvverify(,T)

R(T) (1)

where cp is the per-token autoregressive decoding cost (i.e., wall-clock time) of
the target model, L'® is the expected number of tokens accepted from 7, and
Caratt (T) and Clerity (7)) are the measured costs to generate and verify the draft
tree, respectively. To generate L'°® tokens, target model needs to forward L'*ee
times and thus needs the total cost cp - L'*® which corresponds to the numer-
ator in Eqn. (1). Meanwhile, to obtain an expected acceptance length of Lt*¢¢,
speculative decoding must generate a draft tree and verify it with the target
model. The total cost is the sum of drafting and verification costs, correspond-
ing to the denominator Cayas(7) + Clerity(7) in Eqn. (1). Unlike likelihood- or
acceptance-length-only objectives, R(7) directly measures the speedup by com-
paring the cost of vanilla autoregressive decoding of the target model and the
cost of speculative decoding under the same acceptance length. This new metric
is hardware-aware that adapts to the specific arithmetic intensity and saturation
limits of the underlying GPU.

Estimation of Expected Accepted Tokens L'°°. To evaluate Eqn. (1), we
first estimate the tree acceptance length L'® of the draft tree 7, which in turn
yields an estimate of the target model’s sequential decoding cost: cr - L'"°¢. To
this end, we follow the spirit of GTO [12] and compute the expected acceptance
length L% as the mean across all paths in the tree 7. Specifically, given a
context x, the draft model generates draft tokens to construct a tree 7 which
contains |P| draft sequences, and the corresponding acceptance length L' can
be estimated as

%]

ree 1 1 N
Lt = W Zi(i)ep L; = W Zi(i)e’P Zj:l P(ng ‘ x) , (2)

where P denotes the set of all root-to-leaf paths in the tree 7 and P(iglz | x)

is the accumulated probability of sequence iglg

-G J (i < (i
P<X(l§ ‘ X) = szlp(xl(c) ‘ X7X§:36—1) ) (3>
where p(fc,(j) | x, 5(%71) denotes the probability of generating token 5(,(;) of target

i % < (i (i
model given context [x, 5(8671]. Here, L; = le‘:1 | P(x® | x, Xg;;‘q) denotes
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Fig. 3: Measured latencies (dots) and fitted cost models (lines) for drafting and verifi-
cation on RTX Pro 6000. Draft latency corresponds to the total latency of generating
the full draft tree, where x is the total number of tokens in the tree. Verification latency
corresponds to the forward-pass latency of the target model with x input tokens.

the estimated acceptance length of the i-th draft path x(¥) in 7. This follows
from the fact that the expected number of consecutively accepted tokens equals
the sum of the probabilities that each prefix is accepted during verification [18].
We approximate the acceptance probability p(f{,(;) | x,igz:;c_l) using the draft
model’s predicted probability because 1) draft model is trained to align with the
target model; and 2) EAGLE-2 [18] shows there is a strong positive correlation

of prediction behaviors between target model and its corresponding draft model.

Cost Modeling. As shown in Fig. 3, we profile device-specific draft and verifi-
cation latencies as a function of the total number of drafted tokens |7 in the tree
T . Drafting scales roughly linearly with |7| because draft models are small and
typically memory-bound, yielding near-constant per-token cost, as demonstrated
in Fig. 3a. In practice, draft latency follows a layer-wise staircase: tokens at the
same depth are generated in parallel, so cost increases only when a new depth
level is added; the continuous form serves as a smooth surrogate for the marginal
analysis. Verification grows much faster because the target model is large and,
in high-batch compute-saturated regimes, verification becomes compute-bound,
causing empirically convex latency growth as the number of draft tokens in-
creases, as shown in Fig. 3b.
Accordingly, we use linear model to model the draft cost in Fig. 3 (a):

Caraft (T) = )‘|T| + ﬁv (4)
and adopt a power-exponential model to approximate the verification latency:
Cuerity (T) = v(exp(6[T17) = 1) + 1. (5)

Here A,7,0d, and p are fitted per device, with the bias terms (5 and 7) fixed to
0 to ensure both models pass through the origin. This profiling is lightweight,
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making the estimation of the hyperparameters in Eqs. (4) and (5) inexpensive.
In practice, each fit requires only five forward passes. For example, profiling
LLaMA-3.1-Instruct-8B [9] on MT-Bench [36] takes about 10 seconds on an RTX
Pro 6000 GPU, which is negligible and accounts for only ~ 1.67% of the MT-
Bench test set inference time. This enables fast fitting of the two cost models,
Clras(T) and Cyeriry(7), which in turn supports efficient tree expansion in the
next section.

3.2 Speedup-Maximizing Draft Tree

Draft-tree construction is a trade-off: expanding more nodes can increase the
expected acceptance length, but it also raises drafting and verification cost, which
may reduce end-to-end speedup. Therefore, we must carefully choose which tree
nodes to expand so as to improve expected acceptance length while incurring
minimal additional drafting and verification cost. We formulate tree growth as a
sequential decision process that, at each layer, selects which candidates to keep
by comparing their marginal benefit in expected acceptance length against their
marginal system cost, thereby maximizing end-to-end speedup.

Sequential Decision Formulation. As shown in Fig. 2c, we construct the
draft tree sequentially over layers ¢ = 1,...,d. Let Sy denote the set of all
selected nodes after completing layer ¢, with Sy = {root}. We maintain a layer-
wise active set Ay (with Ag = {root}), whose elements are the nodes retained at
layer ¢ and expanded at layer (1.

At layer £, we expand every node in Ay_1 by drawing its top-k candidates
from the draft-model distribution, producing the candidate set Uy(Ay—1) of size
k|A¢—1]. For each candidate token u € Uy(As—1), a selection operator &, assigns
a binary label ep(u) € {0,1}, where eg(u) = 1 indicates that u is retained and
e¢(u) = 0 that it is pruned. The operator thus maps the full candidate set to the
subset of survivors:

Ag = Eg(Z/[g(Ag_l)) = {u S Z/{g(Ag_l) | eg(u) =1 } (6)
The tree evolves as
Sy = Sp_1UA,. (7)

Let L < d be the terminal layer: either L = d, or L is the first layer ¢ such
that Ay = @ or |S¢| reaches a predetermined budget B. The induced tree is
T = Sp. Our objective is to choose the selection operators {£,}¢_, to maximize
the final-tree reward:

- cr Ltree(SL)
{fz}‘ggl Cdraft(SL) + Cvcrify(SL) (8)
s.t. ‘SL| S B,

where |S1| < B constrains the tree size. Because verification latency grows super-
linearly with the number of draft tokens (Fig. 3b), we impose a total verification
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budget Byerify to keep verification in the memory-bound (near-flat) region of the
cost curve, and split it evenly across the batch, giving a per-sequence budget
B = Byerity /b with b the batch size.

Optimizing Eqn. (8) seeks selection operators that maximize the expected
speedup of speculative decoding. The objective is the ratio of the cost of vanilla
autoregressive decoding by the target model, cr L¥¢(SL), to the cost of specu-
lative decoding, Caras(SL) + Cyerity (Sz.), where Sy, is the final draft tree. Since
the tree is built layer by layer, this optimization reduces to a sequence of layer-
wise decisions {54}?21: at each layer, retain only the candidates that maximize
the tree’s expected speedup. Next, we describe an efficient strategy to solve this
sequential decision problem.

Optimizing the Sequential Decision Objective Computing the optimal
action sequence in Eqn. (8) requires evaluating all valid subtrees of the full k-
ary expansion tree. Since the total number of candidate nodes across d layers
is ijl k* = O(k?), the number of possible configurations grows as O(?kd),
making exhaustive search intractable. Instead, we propose a greedy policy that
makes locally optimal decisions at each layer.

Specifically, we include a candidate node u (i.e., set eg(u) = 1) only if it
increases the reward, i.e., AR(u) > 0. The reward is defined as

C arge ree
R(T) = é g t, Ctarget =cCr- Lt (T)v Cspec = Cvdraft (T) + Cverify(T)7
spec
(9)

and the marginal increments upon adding u are
ACtarget (u) = CT'ALtree(u)7 Acspec(u) = ACdraft (u)+ACverify(u)~ (10>

Working with the log-reward J = log R(T) = log Ciarget — l0g Cspec, the change
upon adding u is

AJ(u) = log <1 + c
spec

Ctarget Cspec
(11)

using log(1 + x) ~ x for small . We include u if and only if AJ(u) > 0, i.e.,

ACtarget (U) o Ctarget

. Acspec(u) Cspec

Ct arget

AJ(u) =« >0, a € (0,1, (12)
which recovers the standard condition when oo = 1. Here, « € (0, 1] accounts for
optimistic draft-based acceptance estimates under draft—target mismatch. The
global terms Clarget and Cspec are computed on the current tree using Eqn. (9).
Next, we will compute the marginal terms in Eqn. (10) in 2 steps.

Step 1: Marginal benefit ACiarget (u). To estimate AL ¢(u) efficiently, recall
that L' averages the expected acceptance length over all root-to-leaf paths
(Egn. (2)). Accordingly, the marginal benefit of expanding u is diluted by |P|:

ALFC(n) ~ %AL(U), AL(u) = P(%, | anc(u)), (13)

Actargct (u) > 710g (1 + Acspcc (u) > ~ Actargct (u) - ACspcc (U)

)
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where P(X,, | anc(u)) is the cumulative acceptance probability defined in Eqn. (3).
Step 2: Marginal cost ACspec(u). We approximate the cost of adding one
node (An = 1) by differentiating the fitted cost models with respect to the
current tree size |T:

Alspec(t) % Cypagy (IT1) + Clerity (IT1)- (14)
With Carase(T) = MT| + B and Cyerity (T) = v(exp(6|T1?) — 1) + n, this yields
ACspec(u) = X +70p|T|P~ exp(8]T17) . (15)

Since we have calculated the marginal and global terms, we can decide
whether to keep (expand) a candidate node u by checking AJ(u) > 0:

. Actar et (U) Ctar et
1, if AJ(u) = a- = - £ >0,
Bg(u) = Acspec(u) Cspec (16)
0, otherwise.

Now we present the full SMART algorithm. At each layer ¢, we (i) gener-
ate top-k candidates per parent, (ii) compute each candidate’s marginal benefit
(Eqn. (13)) and marginal cost (Eqn. (15)), (iii) evaluate the current tree-level re-
ward (Eqn. (9)), and (iv) apply the decision rule (Eqn. (16)) to determine which
nodes to expand. The process continues until reaching the maximum depth d,
exhausting the budget B, or when no candidate remains (i.e., A, = 0).

The greedy policy runs in O(kB) time: at each layer ¢, we evaluate AJ(u)
in O(1) for each of the k|Ay_1| candidates, and the total number of candidates
across all layers is bounded by kB. This reduces the complexity from O(de)
for exhaustive search to linear in the verification budget B. While not globally
optimal, the greedy policy produces high-quality trees by ensuring each expan-
sion locally improves the reward. Algorithm 1 in the appendix summarizes our
greedy construction procedure.

4 Experiments

Models & Datasets. We evaluate SMART across a diverse range of mod-
els to demonstrate its generalizability. For MLLMs, we evaluate LLaVA-1.5
(7B/13B) [22] and Qwen2VL-7B-Instruct [33] on widely used multimodal bench-
marks: VQAv2 [2], AI2D [15], ScienceQA [23], ChartQA [25], TextVQA [27],
and HallusionBench [10]. For LLMs, we report results on LLaMA-3.1-Instruct-
8B [9], Vicuna-1.3-13B [7], DeepSeek-R1-Distill-LLaMA-8B [11], and LLaMA-
3.3-70B [9] across three standard benchmarks covering chat, coding, and reason-
ing: MT-Bench [36], HumanEval [6], and GSM8K [g].

Baselines. For MLLMs, we integrate SMART into frameworks that utilize
likelihood-maximizing tree construction (e.g., MSD [21]) and compare against
Medusa [3], EAGLE [19], EAGLE-2 [18], and MSD. For LLMs, we integrate
SMART into Eagle-3 [20] and compare against a broad suite of representative
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Table 1: Comparison of speedup ratio SR and acceptance rate 8 on standard MLLM
benchmarks with temperature 7' € {0,1}. The subscripts denote the relative improve-
ment compared to the corresponding baseline. For example, at T' = 0, MSD+SMART
on LLaVA-1.5 7B achieves the average SR of 1.53 with an additional +29.7% gain over
the MSD value of 1.18.

H VQAv2 AI2D  SQA Image ChartQA TextVQA Hallusion Average
Model Method SRt Bt SRt BT SRt Bt SRt Bt SRt BT SRt Bt ‘SRT Bt
Medusa 0.88 0.48 0.82 0.44 0.86 0.46 0.91 0.51 0.95 0.54 1.01 0.58|0.91 0.50
LLaVA-15 EAGLE-1 0.95 0.52 0.88 0.48 0.92 0.50 0.98 0.55 1.02 0.58 1.08 0.62|0.97 0.54
B -~ EAGLE-2 1.08 0.59 0.98 0.53 1.02 0.54 1.06 0.62 1.15 0.64 1.18 0.68|1.08 0.60
MSD 1.23 0.67 1.09 0.58 1.09 0.56 1.14 0.68 1.26 0.68 1.26 0.71|1.18 0.65
ﬁ MSD+SMART||1.55 0.81 1.45 0.74 1.44 0.72 1.59 0.82 1.55 0.79 1.62 0.83|1.53 29 7% 0.7921 5%
g Medusa 0.95 0.44 0.88 0.41 1.01 0.46 1.10 0.54 0.91 0.42 0.88 0.44|0.96 0.45
*:;j LLaVA-1.5 EAGLE-1 1.02 0.48 0.95 0.45 1.08 0.50 1.18 0.58 0.98 0.46 0.95 0.48|1.03 0.49
i alng ! EAGLE-2 1.15 0.54 1.08 0.50 1.18 0.54 1.32 0.62 1.12 0.51 1.08 0.51|1.16 0.54
E MSD 1.30 0.59 1.17 0.53 1.28 0.57 1.45 0.66 1.22 0.54 1.17 0.54|1.26 0.57
E MSD+SMART|[1.56 0.76 1.42 0.71 1.53 0.76 1.72 0.84 1.51 0.73 1.42 0.72(1.53 51 4% 0.75.31.6%
Medusa 0.85 0.54 0.79 0.48 0.82 0.47 0.98 0.54 0.88 0.50 0.91 0.54|0.87 0.51
Qwen2VL EAGLE-1 0.92 0.58 0.85 0.52 0.88 0.51 1.05 0.58 0.95 0.54 0.98 0.58]0.94 0.55
o EAGLE-2 1.05 0.65 0.96 0.56 0.98 0.55 1.15 0.62 1.08 0.58 1.08 0.61|1.05 0.60
7B Instruct
MSD 1.18 0.71 1.05 0.58 1.06 0.57 1.24 0.65 1.16 0.60 1.15 0.63|1.14 0.62
MSD+SMART|[1.22 0.86 1.24 0.77 1.26 0.74 1.34 0.84 1.24 0.57 1.22 0.82(1.25,9.6% 0.7724.2%
Medusa 1.74 0.24 1.43 0.28 1.58 0.29 1.33 0.26 0.97 0.19 1.46 0.26|1.42 0.25
LLaVA-1.5 EAGLE-1 1.85 0.26 1.52 0.30 1.68 0.31 1.42 0.28 1.05 0.21 1.55 0.28|1.51 0.27
7B7 : EAGLE-2 2.05 0.28 1.65 0.32 1.85 0.33 1.52 0.29 1.15 0.23 1.68 0.30|1.65 0.29
MSD 2.21 0.30 1.77 0.34 2.00 0.35 1.63 0.31 1.22 0.24 1.77 0.31|1.77 0.31
i MSD+SMART|[2.84 0.40 2.41 0.45 2.56 0.46 2.24 0.43 1.46 0.33 2.19 0.41(2.28, 55 5% 0.42. 35.5%
g Medusa 1.67 0.27 1.39 0.30 1.91 0.33 1.36 0.26 1.07 0.20 1.23 0.24|1.44 0.27
= LLaVA-1.5 EAGLE-1 1.78 0.29 1.48 0.32 2.02 0.35 1.45 0.28 1.15 0.22 1.32 0.26 |1.53 0.29
’g d13B - EAGLE-2 1.95 0.31 1.58 0.33 2.25 0.36 1.58 0.29 1.25 0.24 1.42 0.27|1.67 0.30
QE; MSD 2.14 0.33 1.71 0.35 2.40 0.38 1.71 0.31 1.33 0.25 1.48 0.28|1.79 0.31
= MSD+SMART|[2.54 0.42 2.23 0.47 2.92 0.46 1.98 0.40 1.63 0.34 1.78 0.40(2.18, 51 g9 0.41 32 3%
Medusa 1.24 0.52 0.91 0.38 1.49 0.42 0.95 0.42 1.14 0.42 0.88 0.42|1.10 0.43
Qwen2VL EAGLE-1 1.32 0.55 0.98 0.41 1.58 0.45 1.02 0.45 1.22 0.45 0.95 0.45|1.18 0.46
EAGLE-2 1.42 0.59 1.06 0.43 1.68 0.47 1.08 0.46 1.32 0.47 1.02 0.47|1.26 0.48
7B Instruct
MSD 1.50 0.62 1.12 0.44 1.79 0.48 1.15 0.48 1.38 0.48 1.07 0.481.33 0.50
MSD+SMART|[1.69 0.65 1.25 0.53 2.04 0.55 1.16 0.58 1.45 0.56 1.10 0.50|1.45,9 0% 0.56,12.0%

baselines, including SPS [16], EAGLE, EAGLE-2, GRIFFIN [13], and EAGLE-
3. For a fair comparison, all methods are evaluated under the same hardware
(RTX Pro 6000 GPUs) and decoding configurations. Due to limited space, we
report results for integrating SMART into additional baselines in the appendix.
Metrics & Evaluation Protocol. Following prior work, we evaluate perfor-
mance at decoding temperatures T € {0,1}. Since SMART is mathematically
lossless, our evaluation focuses on efficiency via two key metrics. (1) Speedup
Ratio (SR): The end-to-end wall-clock latency improvement relative to vanilla
autoregressive decoding (SR = 1.00x). (2) Acceptance Rate (3): The frac-
tion of drafted tokens accepted during verification. We specifically report the
acceptance rate rather than the acceptance length. Since SMART’s pruning in-
duces variable draft lengths across steps, raw per-step accepted token counts
are no longer directly comparable; a normalized rate provides a more consistent
measure of the draft model’s efficiency relative to the chosen tree size.
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Table 2: Comparison of speedup ratio (SR) and acceptance rate () on standard
LLM benchmarks under temperature settings 7' € {0, 1}. Subscripts denote the rela-
tive improvement over the corresponding baseline (EAGLE-3). For example, at T = 0
on LLaMA-3.1-Instruct-8B, EAGLE-3+SMART achieves an average SR of 1.59, rep-
resenting a +16.9% improvement over the EAGLE-3 baseline value of 1.36.

H Temperature = 0 H Temperature = 1

Model Method |[MT-bench HumanEval GSMS8K | Average |[MT-bench HumanEval GSMSK | Average

||[SRt Bt SRt Bt SRt Bt |SRt Bt |[SRt Bt SRt Bt SRt BT |SRt Bt

SPS 0.49 0.24 054 0.27 0.43 0.21]0.49 0.24 0.86 0.17 0.92 0.18 0.75 0.17(0.84 0.17

=% EAGLE 0.70 0.35 0.98 0.37 0.78 0.35]0.82 0.36 115 020 1.58 0.30 1.48 0.26]1.41 0.25

<% EAGLE-2 1.01 047 1.34 0.54 1.08 0.48|1.14 0.50 143 027 212 042 1.82 0.33|1.79 0.34

= GRIFFIN 1.17 0.55 150 0.68 1.20 0.591.29 0.60 1.58 0.33 2.61 0.52 2.01 0.41]2.07 0.42

SE

25 EAGLE-3 135 0.67 1.44 0.74 1.28 0.68]1.36 0.70 1.65 043 2.45 051 2.22 0.48]2.11 0.47
EAGLE-3-+SMART||1.56 0.67 1.71 0.74 1.51 0.68|1.59,16.0% 0.80,142%||1.84 0.47 2.73 0.57 2.56 0.52|2.38 1257 0.5210.6%

. SPS 0.48 0.25 0.53 0.28 0.42 0.21]0.48 0.25 040 0.16 043 0.17 0.35 0.15[0.39 0.16

= EAGLE 0.71 0.42 0.82 0.46 0.68 0.40(0.74 043 055 0.27 0.63 0.30 0.56 0.30(0.58 0.29

g% EAGLE-2 0.95 0.54 1.19 0.60 0.95 0.52]1.03 0.55 0.88 0.38 0.97 0.42 0.74 0.38(0.81 0.40

2 EAGLE-3 1.20 0.74 1.39 0.85 1.24 0.71]1.28 0.76 0.95 0.49 1.20 0.56 1.03 0.50|1.06 0.52
EAGLE-3+SMART||1.43 0.79 1.72 0.88 1.52 0.76|1.56 51,05 0.81:6.6% ||1.14 0.52 1.43 0.60 1.24 0.54|1.27,19.8% 0.555.%

. SPS 0.52 0.26 0.58 0.29 0.46 0.22]0.52 0.26 046 0.18 049 0.19 0.40 0.17(0.45 0.18

B GRIFFIN 1.06 0.50 1.32 0.63 1.42 0.68]1.27 0.61 0.92 0.39 1.14 046 1.36 0.55[1.14 0.46

w0

£z EAGLE-3 1.24 0.61 149 0.71 1.61 0.76]1.46 0.70 1.06 048 1.22 051 1.56 0.58]1.28 0.52
2" EAGLE-3+SMART]|1.45 0.69 1.65 0.77 1.87 0.82|1.68,151% 0.76,56y ||1.21 0.51 1.34 0.55 1.62 0.59|1.39 50 0.55,58%

<m SPS [[0.98 0.25 1.09 0.28 0.86 0.210.98 0.25 [[0.81 0.17 0.86 0.18 0.70 0.16]0.79 0.17

Ze EAGLE-3 246 0.63 2.92 0.72 2.67 0.66 |2.69 0.67 2.07 0.43 280 0.65 255 0.55(2.48 0.54
=3 EAGLE-3+SMART||2.97 0.65 3.72 0.77 3.320.70|3.35,245% 0.70,45% ||2.56 0.51 3.36 0.68 3.02 0.60|2.99.20 2% 0.60 1115

4.1 Main results

Results on MLLMs. Table 1 shows that on multimodal benchmarks, SMART
can substantially improve both the speedup ratio and the acceptance rate. For ex-
ample, MSD+SMART consistently outperforms MSD, with average SR gains of
+20.2% at T=0 and +19.9% at T=1 across three MLLMs. The largest improve-
ments appear on LLAVA-1.5: at T=0, the average SR increases from 1.18x to
1.53x on LLAVA-1.5-7B and from 1.26x to 1.53x on LLLAVA-1.5-13B. These
gains are accompanied by higher acceptance rates: SMART preferentially ex-
pands nodes with higher expected acceptance, prunes low-benefit branches, and
terminates early when no promising tokens remain. In contrast, MSD always
selects a fixed number of draft tokens, even when additional tokens are unlikely
to be accepted. SMART allocates the computation budget to more promising
tokens and thereby improves verification efficiency.

Results on LLMs. Table 2 demonstrates that across four LLMs, SMART con-
sistently improves both the speedup ratio and the acceptance rate. For instance,
EAGLE-3+SMART achieves substantial speedups over EAGLE-3: +19.6% at
T=0 and +15.4% at T=1 on average across LLMs. Improvements are consistent
across chat (MT-Bench), coding (HumanEval), and math reasoning (GSM8K).
On LLAMA-3.1-INsTRUCT-8B, EAGLE-3+SMART increases the average SR
from 1.36x to 1.59x at T=0 and from 2.11x to 2.38x at T=1. On the larger
LLAMA-3.3-70B, SMART further raises the average SR from 2.69x to 3.35x
at T=0 and from 2.48x to 2.99x at T'=1. Overall, SMART delivers robust gains
across diverse model scales and task families. We also observe acceptance-rate
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Table 3: Speedup comparison between MSD and SMART across different GPUs
and batch sizes. SMART maintains consistent speedup while MSD degrades at large
batches.

GPU‘Batch SizeH MSD H MSD + SMART (Ours)
‘ HChartQA TextVQA Hallusion‘ Avg HChartQA TextVQA Hallusion‘ Avg
5 1 2.27x% 2.09% 2.23x |2.20x|| 2.18x 2.10x 2.22x |2.17x
Lo 8 1.88x 1.80% 1.83x [1.84x|| 1.98x 1.85x% 1.96x [1.93x
><8 16 1.14x 1.26x 1.26x |1.22x% 1.59x 1.55% 1.61x [1.58x
Ew 24 0.98x 0.95% 0.96x |0.96x 1.51x 1.41x 1.44x [1.45%
32 0.86 % 0.79x 0.81x |0.82x|| 1.40x 1.38x 1.39x  [1.39x
1 1.85% 1.79x 1.82x [1.82x% 1.78% 1.76 x 1.77x  |1.77x
< 1.65% 1.58% 1.67x [1.63x|| 1.67x 1.59x% 1.68x [1.65x%
5 8 1.25% 1.20x 1.21x  [1.22x|| 1.52x 1.44x 1.53x  [1.50%
12 0.91x 0.89x 0.90x ]0.90x|| 1.40x 1.37x% 1.42x [1.40x

Table 4: Speedup across different token budgets on RTX Pro 6000 with batch size of
16. Budget of 200 achieves optimal performance, balancing tree size and verification
cost. Lower budgets (100) under-utilize parallelism while higher budgets (300-400) incur
excessive verification overhead.

Token Budget‘ T=0 H T=1
‘ChartQA TextVQA Hallusion‘ Avg HChartQA TextVQA Hallusion| Avg
100 | 1.39x 1.42x 147x  |1.43x|| 1.95x 1.33x 2.05x [2.06x
200 1.60x 1.56 < 1.57x  1.58x|| 2.24x 1.46x 2.19x  |2.28x
300 1.33% 1.24x 1.27x  |1.28x% 1.86% 1.16x 1.77x  |1.85x%
400 1.32x 1.24x 1.26x  |1.27x 1.85x 1.16x 1.76x  |1.83x

improvements across all four LLMs, suggesting SMART reduces wasted draft
expansions.

4.2 Ablation Study

Scaling with batch size on different hardwares. Table 3 shows that SMART
provides limited gains at small batch sizes, where decoding is largely memory-
bound and likelihood-maximizing trees already contain most of the “useful” draft
tokens. In this regime, SMART mainly prunes low-utility tokens but does not
create additional high-utility candidates beyond those already present, leading to
near ties with MSD (e.g., RTX Pro 6000 at batch 1: 2.17x vs. 2.20x). As batch
size increases, execution becomes increasingly compute-bound and verification
overhead grows super-linearly, making every selected draft token expensive. In
this setting, MSD degrades sharply (RTX Pro 6000: 2.20x — 0.82x from batch
1 to 32; L40S: 1.82x — 0.90x from batch 1 to 12), whereas SMART remains
robust by allocating the budget to truly beneficial tokens and avoiding wasteful
verification. Consequently, SMART maintains > 1x speedup throughout, retain-
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Table 5: Speedup ablation over discount factor & on RTX Pro 6000 at batch size
16. o € [0.7,0.9] achieves optimal performance, balancing conservative pruning
with sufficient tree expansion.

o H Temperature = 0 H Temperature = 1
||ChartQA TextVQA Hallusion| Avg ||ChartQA TextVQA Hallusion| Avg
1.0|| 1.57x 1.46x 1.51x |1.51x 1.45% 1.38% 1.42x |1.42%
09| 1.58x 1.51x 1.57x |1.55% 1.52x 1.44 % 1.48x |1.48x%
0.8|| 1.58x 1.52x 1.57x |1.56x|| 1.53x 1.45% 1.49x [1.49x
0.7]| 1.58x 1.50% 1.57x |[1.55x || 1.51x 1.43% 1.47x | 1.47x
0.6]| 1.57x 1.50x 1.56x |1.54x 1.49x 1.41x 1.45x |1.45%
0.5| 1.57x 1.50% 1.55x |1.54x 1.46x 1.38x 1.43x |1.42%

ing 1.58x at batch 16 and 1.39x at batch 32 on RTX Pro 6000, and 1.50x at
batch 8 and 1.40x at batch 12 on L40S.

Verification token budget. Table 4 ablates the verification token budget on
RTX Pro 6000 with batch size of 16. Performance exhibits a clear optimum at
budget 200, which yields the best average speedup (1.58% at T'=0 and 2.28x at
T=1). Lower budget (100) reduces speedup (1.43x at T=0), indicating under-
utilization of available parallelism due to overly aggressive pruning. Larger bud-
gets (300—400) significantly hurt speedup (/= 1.27-1.28x at T'=0), as additional
drafted tokens increase verification work and dominate end-to-end latency. Over-
all, these results support allocating a moderate per-sequence verification budget
that balances tree expansion against verification overhead.

Discount factor «. Table 5 ablates the discount factor « used to conservatively
down-weight predicted marginal benefit under draft-target mismatch. Across
both temperatures, performance remains stable over a wide range of moderate
discounts: a € [0.7,0.9] yields the best or near-best average speedup, peaking
at « = 0.8 (1.56x at T=0 and 1.49x at T=1). Setting « too large (e.g., a« =
1.0) is overly permissive, leading to aggressive expansion and higher verification
overhead, which reduces speedup (1.51x at T=0 and 1.42x at T=1). Conversely,
smaller « values prune more aggressively and may discard useful draft tokens.
Overall, SMART is insensitive within a wide operating range, and we use a = 0.8
by default.

5 Conclusion

We presented SMART, a training-free, system-aware framework for speedup-
maximizing draft tree construction in speculative decoding. Motivated by the
efficiency paradox that large draft trees can incur super-linear drafting and veri-
fication overhead, SMART casts tree growth as a sequential decision problem. By
expanding nodes only when their marginal benefit—cost ratio exceeds the tree-
level speedup under a per-sequence budget, SMART reduces wasteful drafting
and verification and maintains robust wall-clock gains across compute-bound
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batching regimes and diverse GPU architectures. Across LLMs and MLLMs,
SMART consistently improves strong tree-based backbones while preserving the
lossless guarantee, delivering average additional speedups of 20.0% (MLLMs)
and 15.4% (LLMs) without performance degradation.

Limitation Discussion. Due to limited compute resources, we only evaluate
SMART on RTX Pro 6000 and L.40S GPUs, and do not include other data-center
accelerators such as A100, H100, or H200. Nonetheless, SMART is system-aware
and hardware-agnostic by design, and we expect similar speedup trends on these
architectures.
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