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Abstract—As an efficient alternative to autoregressive decoding,
tree-based speculative decoding (SD) has been widely adopted to
accelerate LLM inference on GPUs. However, due to the notable
disparity in compute power and memory bandwidth, we observe
that a specific target-draft model pair with a proper decoding con-
figuration, despite demonstrating significant performance gains on
GPUs, often fails to maintain its efficacy on FPGAs, and may even
underperform the standard autoregressive decoding approach.

In this paper, we propose an analytical framework to revive the
performance of tree-based speculative decoding on FPGAs. We
introduce effective performance, a roofline-based metric designed
to: 1) assess whether a specific target-draft model pair can benefit
from SD for the given FPGA platform, and 2) determine the
optimal decoding configuration to achieve peak performance when
SD is applicable. We also propose a prior-score-based search
strategy to identify the optimal tree structure for a preset number
of nodes, further enhancing the performance. We evaluate our
method on AMD FPGA platforms using two state-of-the-art SD
algorithms: LongSpec and EAGLE-3. Our approach demonstrates
a speedup of 2.54-3.89 x over autoregressive decoding.

I. INTRODUCTION

Speculative Decoding (SD) [1] has garnered significant at-
tention for accelerating LLM inference on GPUs. Its key idea
is to use a small draft model to assist the inference of a large
target model. Currently, state-of-the-art SD algorithms [4], [5]
employ a tree-based drafting strategy. During inference, the
draft model first generates a candidate token tree, where the
total number of tokens is known as the verification length. All
tokens in this tree are then fed into the target model in parallel
for verification.

As LLM inference on GPUs is typically memory-bound, the
parallel verification of a tree of tokens does not significantly
increase the latency compared to a single-token decoding step.
However, accepting multiple tokens in a single step reduces the
total number of target model inference steps required, leading
to a net reduction in overall generation time.

On FPGAs, however, computational resources are not as
abundant as on GPUs. As the verification length increases, the
verification process of the target model may transition from
memory-bound to compute-bound. In this scenario, the latency
of a single inference step increases with the verification length.
This increase in latency can offset the performance gains from
a higher number of average accepted tokens (AAT) of tree-
based SD, potentially degrading the overall inference through-
put. Given the significant performance differences of specu-
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lative decoding on GPUs and FPGAs, two critical questions
arise: Can speculative decoding accelerate LLM inference on
resource-constrained FPGAs? If so, how can its performance
be maximized?

In this paper, we propose an analytical framework for tree-
based speculative decoding on FPGAs. The framework not
only identifies the circumstances under which SD yields perfor-
mance gains on FPGAs versus those where it is ineffective but
also provides methods to maximize these gains. Specifically,
for a given FPGA platform and a target-draft model pair, our
framework establishes a roofline-based [3] model that captures
the relationship between inference performance, verification
length, and AAT. This integrated model introduces the con-
cept of “effective performance” to determine whether an SD
algorithm can achieve performance gains on a particular FPGA
device. If the performance ceiling with SD is lower than that
of autoregressive decoding, it indicates a hardware-algorithm
mismatch. Otherwise, we employ our model to find the optimal
verification length for maximum speedup.

As tree-based SD algorithms typically process a tree structure
of speculative tokens for verification [6]-[9], different tree
structures can lead to varying AAT for the same number of
nodes, thus affecting the final speedup. To maximize perfor-
mance, we propose a prior-score-based strategy to search for
the optimal tree structure for any given number of nodes. To our
best knowledge, we are the first to investigate the performance
of speculative decoding on resource-constrained FPGAs. Our
main contributions are summarized as follows:

o We present a comprehensive analytical framework that
integrates the roofline model with the AAT model to
analyze whether a given workload can benefit from SD
and, if so, to determine the optimal configuration for
achieving maximum speedup.

o We propose a prior-score-based search strategy to identify
the optimal tree structure for any given number of tree
nodes.

o We conduct extensive performance tests on the state-of-
the-art FPGA-based LLM accelerator, FlightLLM [11].
Across various SD algorithms and target models, our
method achieves a speedup of 2.54-3.89 x over autoregres-
sive decoding. On different hardware configurations, our
approach demonstrates speedups of 2.13-2.49 x, validating
the generality of our method.
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Fig. 1: (a) Speedup of speculative decoding over autoregressive
decoding and the AAT curve for LongSpec [4]. (b) AAT vs.
verification length (number of tree nodes) for LongSpec.

II. BACKGROUND AND MOTIVATION

A. Tree-Based Speculative Decoding of LLMs

Speculative decoding is a promising method that improves
the efficiency of LLM inference without sacrificing generation
quality [1], [2]. Among them, tree-based SD [4]-[10] repre-
sents the latest advancement in this area, which includes two
phases: a prediction phase and a verification phase. During
the prediction phase, the draft model uses top-k sampling at
each forward step to generate multiple candidate tokens. Each
candidate can then generate additional tokens in the next step,
collectively forming a tree of draft tokens. In the verification
phase, all tokens in this tree are flattened and processed in
parallel by the target model. The target model compares its
own output probability distribution against that of the draft
model for each candidate token. Tokens are accepted where the
two distributions are consistent. Finally, the longest continuous
accepted sequence from the root of the tree is retained.

B. Motivation

In speculative decoding, the number of average accepted
tokens (AAT) and the verification length are two key factors
affecting inference performance. When SD is applied to GPUs,
current algorithms typically choose a verification length at
which the AAT curve approaches saturation [4], [5]. This is
because GPUs have abundant computational resources, imply-
ing that the latency of a single verification step for the target
model remains nearly constant while the average number of
accepted tokens is maximized.

However, due to the notable disparity in compute power and
memory bandwidth, we observe that the performance of SD
on FPGAs differs markedly from that on GPUs. As shown
in Fig. I(a), the speedup of SD over AD on an AMD V&0
FPGA can drop below 1 as the verification length increases.
This implies that directly applying the AAT and verification
length optimized for peak GPU performance gains to FPGAs
is unlikely to yield similar benefits, and may even result in
performance degradation compared to autoregressive decoding.
In addition, for tree-based SD, a single verification length can
correspond to multiple tree structures, leading to significantly
different AATs, as shown in Fig. 1(b). These findings motivate
a deeper understanding of the performance of SD on resource-
constrained FPGAs and an investigation into how to enhance
its performance on such platforms.
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Fig. 2: The analysis model. (a) Primary roofline model; (b)
Discounted roofline model; (¢) AAT & AR model; (d) Com-
bined model. In (b), (c), and (d), we plot model curves for
three different context lengths, indicating that different context
lengths correspond to different optimal solutions.

III. METHODOLOGY
A. Establishment of Analysis Model

We begin by defining a workload as a five-tuple: (hardware
platform, target model, SD algorithm, context length, task set).
We then perform detailed analysis and modeling to evaluate
whether a workload is suitable for SD. If it is, our goal is
to determine the optimal verification length configuration. The
analytical model is illustrated in Fig. 2.

Primary Roofline Model: We adapt the original roofline
model by replacing arithmetic intensity with the verification
length z. Given that = is typically small relative to the
model’s hidden size in our target scenarios, it serves as
a reasonable approximation of arithmetic intensity—ignoring
units. Furthermore, we substitute the original performance met-
ric—FLOPs/s—with tokens/s, denoting the throughput of input
tokens processed per unit time on the target hardware platform.
Since the workflow of LLM inference is deterministic, tokens/s
and FLOPs/s provide equivalent measures. When x = 1, this
corresponds to autoregressive decoding, and the performance is
denoted as P(1). When z > 1, it represents parallel decoding
of multiple tokens, which is analogous to the prefill stage
of LLM inference. As shown in Fig. 2(a), the relationship
between performance and x is approximately linear, similar to
the original roofline model. This relationship can be expressed

as:
b
P(z) = {ax + 0,

Pmaxa

for 1l <z <uzp, )
for x > xp.
Where xr is the ridge point of this model.

Discounted Roofline Model: When performing SD, it’s
necessary to consider both the time the target model spends
on verification, T, (), and the time the draft model spends on
generating candidate tokens, T,;(x). For a given SD algorithm,
the dataflow for both the draft and verification processes is
fixed once the verification length z is determined. This allows
us to pre-measure the distributions of T, (x) and T,;(x) on the



hardware. Therefore, the performance metric P(x) must be
multiplied by a discount factor, as expressed below:
T,(x) x
PdlSC(':C) P(I) Tv (.’L‘) n Td(l‘) T'u (l‘) ¥+ Td(.’IZ‘) . (2)

AAT&AR Model: Py;,.(x) represents the number of tokens
a hardware platform can process per unit of time after applying
an SD algorithm. However, during the verification phase, only
a subset of the tokens fed to the target model are accepted.
AAT, which reflects the alignment between the draft and target
models, quantifies the accepted length. The acceptance rate,
AR(x), is defined as AAT (x)/x. By using AR(x), we can
calculate the effective performance of the whole inference
process.

Therefore, we need to model both AAT (z) and AR(x), as
shown in Fig. 2(c). A complete point-by-point measurement of
the AAT (x) model would be extremely time-consuming. For-
tunately, we have observed that for various target-draft model
combinations, AAT (x) can be approximated by a logarithmic
distribution:

AAT(z) = A+ B -In(z — C). 3)
Therefore, we can model the complete AAT(x) curve by

measuring the AAT for only a few values of x. For typical
SD algorithms, when x > 2:

1.5 < AAT(z) < z. 4)

It indicates that for the SD algorithms we consider, the first
draft token has a greater than 50% chance of being accepted
during prediction by the draft model [5]. Based on Eq. 3 and
Eq. 4, AR(x) can be modeled as:

_AAT(z) A+ B-In(z—-0O)
B x B x

Combined Model: After obtaining Py;s.(z) and AR(x), the
number of effective tokens generated per unit of time on the

hardware platform can be calculated, and is defined as the
effective performance. It is expressed as:
Pef-f(x) = Pdisc(x) X AR(.I) (6)
B. Solving for Optimal Performance
1) Basic Idea: With the analytical model established, we
first consider the question: Under what workloads can SD
algorithms provide a performance benefit? By combining Eq.
2, Eq. 5, and Eq. 6, we obtain the following:
AAT (z)
Peff(x) T, (I) + Td(ﬂ?) . (7
For a given workload, AAT(x), Ty, (x), and Ty(x) are all
known, allowing us to find the maximum value of P.js(x).
If max (Pee(z)) < P(1), we have
max (Per(x))
P(1)
In this case, SD is inferior to AD, and the workload should be
processed directly using AD. Conversely, if the condition is not
met, it indicates that we can find an x for which SD provides a
performance benefit. This is our logic for determining whether
a specific workload should use SD.

AR(z) <1l 0

Speedup = < 1. ®)

2) Case Study: Next, we analyze different workload cases.
o If the compute power is substantially lower than the

memory bandwidth, the system becomes compute-bound
even during the autoregressive phase. This causes the P(x)
curve to degenerate, leaving only the compute roof. In this
scenario, P(z) = P(1), Ty(z) = T,(1) - z, so:

AAT () x - Ty(1)

mw+n@ W Te Y

In this case, SD will be slower than AD, it is not
recommended to apply SD algorithm in this scenario.

If the compute power is substantially higher than the
memory bandwidth, the system remains memory-bound
even when x is large enough for the AAT curve to
approach saturation during the parallel verification of the
target model. In this case, the original roofline model is
limited to the memory roof within our scope of analysis.
We have:

Speedup <

T,(x)=T,(1) =T,

Ti(x) = a(z) - Ty (10)

Here, a(x) is approximated as the ratio of the draft
model’s parameters to those of the target model, scaled
by the number of forward passes performed by the draft
model in a single draft-verify iteration. This can be ex-
pressed as:

Paramy

a(r) = Param, - Depth(z) (11)

For SOTA SD algorithms, as the draft model is small
enough, a(z) < % Therefore,

AAT (x) AAT ()
(I+a)T, (1+1/2)

In this case, SD is guaranteed to accelerate LLM inference.
Eq. 12 indicates that a larger = leads to a greater speedup.
Thus, a larger = is optimal. The configurations on GPUs
generally follow this principle.

If the ratio of compute power to bandwidth does not fall
into the two categories discussed above, the performance
is memory-bound for small and compute-bound for large
values of z. In this case, the performance should be
analyzed in segments to identify the point of maximum
performance. Based on Eq. 1, the following analysis can
be performed. For < zg, T,(x) = T,(1). Combining
this with Eq. 8, we have:

Speedup > T,(1) > > 1. (12)

Speedup, = max( -AAT (). (13)

1
1+ a(x)
Since a(x),AAT(z) are known, the maximum speedup
in this segment can be determined and is denoted as
Speedup; .

When = > zg, T,(x) = x/xr - T,(1). We have:

1 TR
TFa@ L - AAT (x). (14)
Similarly, we can solve for the maximum speedup in this
segment, Speedup,. Thus, the final speedup is:

Speedup, =

Speedup = max(Speedup, , Speedup,). (15)
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Fig. 3: Exploration of the structure of the draft token tree. (a)
Different structure with the same number of tree nodes; (b)
Prior-score-based optimal tree structure search method.

In practice, we use a graphical method to solve for
the speedup. As shown in Fig. 2(d), once the effective
performance curve is obtained, the optimal verification
length for different context lengths can be determined,
thereby achieving the maximum speedup.

3) Dynamic Optimal Solution: As shown in Fig. 2, the
hardware-specific roofline model and the algorithm-specific
AAT and AR models vary with different context lengths.
Therefore, we perform a dynamic analysis across different
context length ranges. We establish these combined models
offline. During inference, we can dynamically select the optimal
verification length configuration based on the changing context
length. This ensures that the speculative decoding algorithm
consistently achieves the highest possible inference speedup.

C. Prior-Score-Based Optimal Tree Structure Search

For any given verification length, when constructing a token
tree using beam search during the drafting process, different
tree structures can lead to significant variations in AAT model.
As shown in Fig. 3 (a), while the two token trees both contain
12 non-root nodes, the number of tokens accepted by the target
model can differ due to the variation in their structure.

To determine the optimal tree structure for any verification
length from 2 to z,,, we propose a prior-score-based search
strategy. First, we construct a maximal tree with x,, non-root
nodes, evenly distributed across levels. We maintain a score list
to record the scores of these x,, nodes. Next, we perform SD
inference on a validation set. For each draft-verify iteration,
if the token corresponding to a node is accepted, its score is
incremented by one, as shown in Fig. 3(b). After the inference
is complete, we collect the scores for all x,, positions and
sort them in descending order. For any case with x verification
tokens, we simply extract the top z positions from the score
list to construct the token tree. The complete procedure of our
method is summarized in Algorithm 1.

IV. EVALUATION

A. Experimental Setting

Speculative Decoding Algorithms. EAGLE-3 [5] and
LongSpec [4] are SOTA tree-based SD algorithms designed
for short and long contexts, respectively. We deploy these
two algorithms on FPGAs to validate the effectiveness of our

Algorithm 1 Overall Procedure

1: Establish a primary roofline model based on the hardware
characteristics and the target model’s dataflow.

2: Build a corresponding discounted roofline model for each
SD algorithm.

3: Search offline for the optimal tree structure for any number
of tree nodes.

4: Model AAT and AR across different context lengths.

5: Construct the Combined Model to identify the optimal
configuration.

6: Perform inference on the hardware, switching to the ap-
propriate SD configuration for different context lengths.

method. We select Vicuna-v1.3-13B [12] and Llama-3.1-8B-
Instruct [14] as the target models for EAGLE-3. For LongSpec,
we adopt Llama-3.1-8B-Instruct [14], Vicuna-v1.5 (7B and
13B) [12], and LongChat (7B and 13B) [13]. All models adhere
to their original implementations. Since both algorithms include
their respective draft models, no additional training is required.

Test Tasks. The tasks selected for evaluation are consistent
with LongSpec, including long-text summarization and code
completion. Specifically, we evaluate on GovReport [15], QM-
Sum [16], Multi-News [17], LCC [18], and RepoBench-P [19].

Hardware Platform. To evaluate the effectiveness of our
proposed method for tree-based speculative decoding, we con-
duct experiments on FlightLLM [11], a state-of-the-art FPGA-
based LLM accelerator. We develop a cycle-accurate simulator,
which maintains consistency with FlightLLM in architecture,
clock frequency, and off-chip bandwidth utilization. To demon-
strate the scalability of our method, we scale the design of
FlightLLM to derive four variants on AMD Alveo V80, U280,
U250, and Versal VHK158 FPGAs.

B. Main Results

TABLE 1 presents the speedup achieved by applying our
analytical model to the LongSpec algorithm using Llama-3.1-
8B-Instruct on the GovReport dataset. We compare against
AD, the original set (verification length that gives the highest
GPU speedup), and the naive set (verification length where the
AAT curve slope <2%). Our results indicate that the analytical
model dynamically selects the optimal configuration for varying
context lengths, achieving the highest speedup. For LongSpec,
it yields average speedups of 2.44x, 3.00x, and 1.65x over
AD, the original set, and the naive set, respectively, across
context lengths from 128 to 16384.

To demonstrate the scalability of our method across dif-
ferent models and SD algorithms, we present the accelera-
tion results using LongSpec and EAGLE-3, as shown in Fig.
4. For LongSpec, our method achieves speedups of 2.54x,
2.86x, 2.64x, and 2.70x over AD for Vicuna-v1.5-7B/13B
and LongChat-7B/13B, with average gains of 1.79x and 1.31x
over the original and naive sets, respectively. Similar trends
are observed for EAGLE-3, with Llama-3.1-8B-Instruct and
Vicuna-v1.3-13B achieving average speedups of 2.97x and
3.89x. These results confirm that our analytical model is
effective across different SD algorithms and LLMs.
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TABLE I: Speedup of Llama-3.1-8B-Instruct.

Context Verification Performance

Length Method Length (Tokens/s) Speedup
AR — 40.09 1.00x
128 Ori set 69 30.43 0.76x
Naive set 44 45.47 1.13x
Best set 13 98.96 2.47x
AR — 38.06 1.00x
512 Ori set 69 29.88 0.79x
Naive set 41 45.10 1.18x
Best set 13 94.74 2.49x
AR — 31.66 1.00x
Ori set 69 26.48 0.84x
2048 Naive set 37 43.27 1.37x
Best set 16 77.10 2.44x
AR — 25.86 1.00x
Ori set 69 23.76 0.92x
4096 Naive set 33 42.02 1.62x
Best set 18 62.14 2.40x
AR — 18.92 1.00x
8192 Ori set 69 19.84 1.05x
Naive set 31 36.44 1.93x
Best set 17 43.77 2.31x
AR — 12.32 1.00x
Ori set 69 16.33 1.33x
16384 Naive set 31 27.19 2.21%
Best set 16 28.67 2.33%x

C. Consistency of Speedup Across Different Tasks

If the optimal verification length configuration found for
certain tasks is not applicable to others, it would undoubtedly
reduce the scalability of our method. TABLE II proves the
consistency of our method’s results across different tasks.

For different tasks, the AAT curves provided by the original
SD algorithm vary, resulting in some variation in the solved

optimal verification length. However, for the same SD algo-
rithm, model, and context length, the AAT curves for different
tasks exhibit a certain degree of similarity. Consequently, their
optimal verification lengths are very similar, ranging from 12
to 14, as shown in TABLE II. We compute the geometric mean
of the AAT curves across tasks to determine a single, unified
verification length. Experimental results prove that this unified
solution incurs negligible speed loss compared to task-specific
solutions.

TABLE II: Performance metrics for different tasks.

Gov- Multi- RepoBench-
Task Name Report QmSum News LCC P
Best set 13 14 12 13 13
Best Speedup 2.47x 2.67x 1.83x  2.43x 2.33%x
Unified Speedup 2.47x 2.66% 1.79x  243x 2.33x%

D. The Fitting Results of AAT Model

As described in Section III, we apply a logarithmic model
to the AAT curve of the speculative decoding algorithm. Fig. 5
illustrates the relationship between the modeled curve plotted
from a few test points, and the complete AAT curve. The
two curves exhibit a high degree of consistency, with the
coefficient of determination R? reaching approximately 0.99
across different context scenarios. This demonstrates that the
complete AAT curve can be obtained by offline testing of a
few points to determine the parameters A, B, and C in Eq. 3.

E. Improvement of Tree Search

To show that our tree search method improves AAT and
thus speedup, we compare it with two baseline token tree
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construction methods. The width-based method fills nodes level
by level within a fixed tree shape, while the depth-based method
adds consecutive nodes to adjacent levels (if the k™ node is at
level m, the (k + 1) goes to level m + 1).

We evaluate LongSpec on Llama-3.1-8B-Instruct with a
context length of 1024 (Fig. 6). Our prior-score-based tree
search consistently outperforms the baselines, with average
AAT values 0.60 and 0.28 higher than the width- and depth-
based methods, respectively. Using the AAT curves to solve for
the optimal verification length, our method achieves the highest
speedup of 2.46x, compared to 2.18x and 1.98 x for the width-
and depth-based methods.

TABLE III: Improvement of performance under tree search.

Performance

Method Best set (tokens/s) Speedup
AR — 35.66 1.00x
Width 9 77.61 2.18x%
Depth 15 70.44 1.98 x
Tree Search 13 87.89 2.46x

FE. Comparison Across Different FPGA Platforms

To evaluate the generalizability of our analytical model
across different FPGAs, we conduct experiments on four AMD
FPGA development boards: Alveo U280, VHK158, Alveo V80,
and Alveo U250. We configure different sizes for the PE arrays
based on the varying on-chip resources of these boards. In our
experiments, we primarily focus on the PE array size and the
HBM bandwidth (GB/s) of each board.

TABLE IV presents the experimental results of LongSpec on
various hardware platforms for accelerating the Llama-3.1-8B
model. Here, we report only the performance of AD and the
maximum performance achieved using our analytical model.
As shown, our analytical model achieves average speedups of
2.13x, 2.32x, 2.44x, and 2.49x across the four platforms.
The results indicate that platforms with a higher compute-to-
bandwidth ratio are more favorable for speculative decoding.
This leads to a larger optimal verification length selected by
our analytical model, which in turn leads to a higher optimal
speedup.

TABLE IV: Best speedup based on LongSpec on different
hardware platforms.

Context Board U280 VHK158 V80 U250
Len t);l PE Array 64 x 48  128x64 128 x 128 128 x 128
& Bandwidth 460 819 819 77
AR Perf 22.12 39.39 39.39 3.7
256 Best set 4 6 13 47
Best Perf 45.84 93.57 101.25 9.89
Speedup 2.07x 2.38% 2.57x 2.67x
AR Perf 20.02 35.66 35.66 3.35
1024 Best set 4 6 14 19
Best Perf 40.86 81.58 88.38 8.55
Speedup 2.04x 2.29% 2.48x 2.55x
AR Perf 14.52 25.86 25.86 243
Best set 6 8 18 14
4096 Best Perf 30.83 58.99 62.14 5.84
Speedup 2.12x 2.28X% 2.40x 2.40x
AR Perf 6.92 12.32 12.32 1.16
Best set 9 12 16 16
16384 Best Perf 15.93 28.41 28.42 2.69
Speedup 2.30% 231x 2.31x 2.32x
Average Speedup 2.13x% 2.32x 2.44% 2.49 %

V. CONCLUSION

This work proposes a model to evaluate the acceleration
potential of SD algorithms on FPGAs and select their opti-
mal configurations. By extending the roofline model with the
AAT&AR model, we define effective performance for accurate
speedup analysis, and design a prior-score-based tree search
to further improve gains. On an Alveo U280 FPGA with
LongSpec, our method achieves average speedups of 2.44x,
3.00x, and 1.65x over AD, the original, and naive sets, and
2.54-3.89x over AD across diverse algorithms and models, as
well as 2.13-2.49x over AD on various hardware platforms.
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