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CD-LLM: A Heterogeneous Multi-FPGA System for Batched Decoding
of 70B+ LLMs using a Compute-Dedicated Architecture

WENHENG MA?, Tsinghua University, China

XINHAO YANG?, Tsinghua University and Infinigence-Al, China
SHULIN ZENG, Tsinghua University and Infinigence-Al, China
TENGXUAN LIU, Tsinghua University and Infinigence-Al, China
LIBO SHEN, The Chinese University of Hong Kong, China
HONGYI WANG, Tsinghua University and Infinigence-Al, China
SHIYAOQ LI, Tsinghua University and Infinigence-Al, China

KE HONG, Tsinghua University and Infinigence-Al, China
ZHENHUA ZHU, Tsinghua University, China

XUEFEI NING, Tsinghua University, China

TSUNG-YI HO, The Chinese University of Hong Kong, China
GUOHAO DAL, Shanghai Jiao Tong University and Infinigence-Al, China
YU WANG, Tsinghua University, China

Large language models (LLMs) with 70 billion or more parameters are increasingly being deployed in cloud-based Model-as-a-
Service (MaaS) scenarios. To meet the demands of such deployments, MaaS providers require batched LLM decoding systems
that can deliver high system throughput (STP) while minimizing total cost of ownership (TCO). However, existing FPGA-based
solutions predominantly focus on small-batch or single-batch inference, which fails to meet the computational requirements
of batched LLM decoding, resulting in performance gaps of up to 7.96x. Moreover, the low utilization of multi-head attention
operations in batched decoding scenarios, e.g., only 3.72% on A100 GPUs, further constrains throughput and inflates TCO.
To address these challenges, this paper introduces CD-LLM, a heterogeneous multi-FPGA system designed for efficient
batched decoding of LLMs with 70B+ parameters, built upon a Compute-Dedicated architecture. First, we propose a memory-
aligned mixed-precision quantization engine to reduce workload. By employing importance-aware quantization, we compress
Llama-3.1-70B to an effective 3.45-bit representation and achieve 72.33% bandwidth utilization through memory-aligned
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data packing. Second, we present a compute-dedicated FPGA architecture that maximizes peak performance by leveraging
FPGA-specific resources such as DSPs, BRAMs, and LUTs. The compute-dedicated architecture enables CD-LLM to reach a
peak performance of 59.90 TOPS at 600 MHz on U250 FPGA. At last, we introduce a heterogeneous master-slave multi-FPGA
system to achieve higher utilization. By pipelining attention and linear layer computations across master and slave FPGAs,
CD-LLM achieves utilization rates of 83.08% for linear layers and 68.30% for attention layers.

CD-LLM is designed with a heterogeneous multi-FPGA architecture, with an HBM-enabled FPGA as the master accelerator
and eight DDR-based FPGAs as slave accelerators. When deployed for inference on the Llama-3.1-70B model with a batch
size of 256, CD-LLM achieves a throughput of 2721.79 tokens/s. This represents a 6.11X improvement in STP and a 4.71x
reduction in TCO compared to an eight-card RTX3090 GPU system. Furthermore, CD-LLM substantially outperforms the
state-of-the-art eight-card FPGA accelerator FlightLLM, delivering 16.15X higher STP and 14.56x lower TCO.

CCS Concepts: » Do Not Use This Code — Generate the Correct Terms for Your Paper; Generate the Correct Terms for
Your Paper; Generate the Correct Terms for Your Paper; Generate the Correct Terms for Your Paper.

Additional Key Words and Phrases: LLM Accelerator, FPGA, Compute-Dedicated Architecture, Streaming Architecture

1 INTRODUCTION

Large language models (LLMs) have recently demonstrated impressive capabilities across various applications [1-
3], driving their widespread adoption in cloud-based Model-as-a-Service (MaaS) scenarios. According to scaling
laws [4], the size of LLMs has continued to increase to improve algorithmic accuracy [5, 6]. Modern Maa$ systems
now utilize LLMs with 70 billion or more parameters to achieve high accuracy [7, 8] and ensure the quality of
generated responses, e.g., Meta Llama-3.1-70B/405B [9], xAI Grok-314B [10], Alibaba Qwen2-72B [11] and so
on. The substantial storage and computing demands of 70B+ LLMs typically necessitate a multi-card inference
system.

LLM inference consists of two stages: prefill and decode. The prefill stage processes all input tokens to generate
the key-value cache (KV cache) and the initial output token, occurring only once per request. In contrast, the
decode stage operates autoregressively to generate subsequent tokens using the KV cache and the previously
generated token. Since the decode stage typically accounts for over 98% of the total inference latency [12], MaaS
providers focus on optimizing batched decoding systems to maximize system throughput (STP) while minimizing
total cost of ownership (TCO).

In modern cloud-based MaaS serving systems, batch sizes are typically set to around 256 to balance throughput
and latency [13, 14]. For Llama-3.1-70B decoding at this batch size, the theoretical computation demand is 363.64
TOPS to offer sufficient system throughput, thereby ensuring per-user decoding speeds exceeding human reading
rates [15] to ensure user experience. FPGA-based systems [16—-29] have shown strong potential for low-latency
LLMs decoding at small or single-batch. However, current FPGA systems fall short in providing sufficient
peak computing performance for batched LLM decoding, as illustrated in Figure 1(a), exhibiting a significant
7.96X performance gap.

Quantization has proven to be highly effective in improving the efficiency of LLM inference. By compressing
high-bit operations into lower-bit formats (e.g., FP16 to INT4), quantization reduces the computation workload of
LLMs. However, existing low-bit quantization methods (e.g., below 4 bits) often result in significant accuracy loss.
As shown in Figure 1(b), state-of-the-art AWQ [30] methods incur a 1.22% accuracy loss at 4-bit quantization,
which increases to an unacceptable 8.54% at 3-bit quantization.

From a hardware perspective, existing FPGA designs often adopt control-centric or streaming architectures.
While these approaches prove effective in application-specific integrated circuits (ASICs), they underperform
on FPGAs when the computing demand is extremely high like batched 70B LLM decoding. This is because of
insufficient consideration of FPGA-specific hardware resource layouts during architecture design, leading to
suboptimal FPGA resource utilization and low peak computing performance. As Figure 1(c) shows, FlightLLM
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Fig. 1. Overview of the goals, challenges, problems, contributions and experiment results in CD-LLM.

operates at a frequency of only 225 MHz, delivering a peak performance of 5.71 TOPS, representing only 23.31%
of the officially reported peak performance of the U280 FPGA [31].

Unfortunately, even with high-performance computing hardware, the utilization of computing units for
attention computation in LLM inference remains low. For instance, in an eight-card A100 GPU system,
attention layers achieve only 3.72% utilization in Llama-3.1-70B decoding with a batch size of 256 and a context
length of 1024, accounting for approximately 18.65% of the total latency. In contrast, utilization rates for linear
layers range from 28.11% to 66.16%, as illustrated in Figure 1(d). FPGA-based accelerators also face similar
challenges with low utilization in attention, significantly limiting overall system performance and driving up
TCO.

The attention utilization issue comes from that attention computations are memory-intensive, while linear
computations are compute-intensive under large batch sizes. Therefore, homogeneous systems struggle to
achieve high computing unit utilization for both linear and attention computations. As shown in Figure 1(e), a
homogeneous AMD Alveo U250 multi-FPGA system achieves 83.08% utilization for linear layers but only 2.03%
for attention layers.

To address these challenges, we propose CD-LLM, a heterogeneous multi-FPGA system using a
Compute-Dedicated architecture, enabling 70B+ LLMs batched decoding. The key contributions are as follows.

e We propose a memory-aligned quantization engine to reduce workload. By incorporating importance-
aware quantization and memory-aligned data packing, CD-LLM achieves 3.45-bit quantization with only
a 1.22% accuracy loss on Llama-3.1-70B while attaining a 72.33% bandwidth utilization.

e We introduce a compute-dedicated FPGA architecture to improve peak performance. By incorporating
the FPGA-specific layout of DSPs, BRAMs, and LUTs into architecture design, CD-LLM achieves a peak
performance of 59.90 TOPS at 600 MHz on U250 FPGAs, representing a 10.49X improvement over the
state-of-the-art FPGA accelerator FlightLLM, which delivers 5.71 TOPS at 225 MHz.
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e We design a heterogeneous master-slave multi-FPGA system to get higher utilization. CD-LLM pipelines
attention and linear computations on master and slave FPGAs, achieving computing unit utilization of
83.08% for linear layers and 68.30% for attention layers.

Implemented with one V80 FPGA as the master and eight U250 FPGAs as slaves, CD-LLM achieves a throughput
of 2721.79 tokens/s on Llama-3.1-70B-Instruct with a batch size of 256, delivering 6.11x higher throughput and
4.71x lower TCO compared to eight-card RTX3090 system. Furthermore, CD-LLM reduces TCO by 3.70X compared
to eight-card A100 GPU system. Compared to an eight-card FlightLLM system, CD-LLM delivers 16.15X higher
STP and a 14.56X reduction in TCO.

2 BACKGROUND AND RELATED WORK
2.1 Background

2.1.1 Transformer-based LLMs. Currently, most transformer-based LLMs [9, 32] utilize a decoder-only architec-
ture composed of multiple transformer [33] blocks. Each transformer block consists of two main components: the
Multi-Head Attention (MHA) and the Feed Forward Network (FFN). During the inference process, input tokens
are first embedded into a hidden space. The MHA then projects these embeddings into query Q, key K, and value
V matrices, performing the attention mechanism for each head as described in Equation 1, where Wp, Wk, Wy are
the weight matrices for the projections. Subsequently, the FEN processes the attention output O through several
fully connected layers along with a non-linear activation function f. The output of the FEN is then passed to the
next transformer block.

KT
Q:XWQ,K:XWK,V:XWV,O:Softmax(Q\/a )V 1)

The inference of LLMs can be divided into prefill and decode stage. These two stages exhibit significant differences
in computational characteristics and resource requirements. During the prefill stage, all input tokens are processed
in parallel. In contrast, the decode stage generates only one token at a time through an autoregressive process,
making it highly bandwidth-sensitive and the primary contributor to inference latency. For instance, inference of
Llama-33B on an NVIDIA A100 GPU, the latency ratio between prefill and decode is approximately 1:55, while
the computational intensity ratio is about 110:1 [12]. Due to the differing demands of these two stages, separating
them across multiple hardware platforms could result in higher throughput and efficiency [34-36]. In CD-LLM,
we focus on accelerating batched LLM decoding on cloud FPGAs, while the implementation of the GPU-based
prefill system is well explored and is not discussed in this paper.

2.1.2  Quantization. A vast amount of parameters are used in LLMs. To reduce storage and bandwidth overhead,
quantization is one of the most effective methods to compress parameters to low-bit precision.

Most existing quantization methods partition weights into groups, typically of size 128, and quantize them to a
uniform bitwidth. Within each group, the weights are quantized as Equation 2, where W represents the original
FP16 weight, ZP and S denote the zero point and scaling factor shared in the group. The bitwidth of ZP typically
matches that of the quantized weights, while S is commonly represented in FP16. As a result, smaller group sizes

offer better data representation, leading to higher accuracy.
W -2ZpP max(W) — min(W)

Z(Nbits_l) -1

] ,ZP = min(W), S = (2

Wo = [

Despite the compression in model size achieved, the challenges presented by the enormous size of current
models cannot be fully addressed by the technique mentioned above. Even if all weights of a Llama-3.1-405B [37]
model were compressed to INT4 format, it still needs more than 202.5 GB memory which beyond the capabilities
of most accelerators, even the most advanced GPU (e.g., H200 with 141 GB [38]). Furthermore, during practical
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inference, dynamic variables such as the KV cache and activations also require memory. With an increase in
batched input length, the memory used for the KV cache may increase to 30% [39]. Consequently, it is necessary
to utilize multiple devices, with each device storing a portion of the data.

2.2 Related Work

2.2.1 Model Compression. Quantization [40-42] reduces computational and memory overhead by converting
weights and activations from high-bit to lower-bit precision. For better accuracy, recent quantization methods [30,
40] are activation-aware. They quantize the weights according to the activation distribution protecting the salient
weights. Considering the varying importance of parameters, several works[30, 41-46] adopt mixed-precision
quantization, using different data formats for weights and activations.

In addition to quantization, sparse computing is also used to reduce unnecessary computation and memory
access. Some accelerators [27, 47] employ structured sparse computing units to skip zeros in weights, leading to
better performance. However, structured sparse computing architectures need index data resulting in additional
memory overhead. Alternatively, sparse attention [48-52] is proposed to reduce the length of KV cache. Since
these technologies are all block-sparse compression, they can be used in different accelerators.

2.2.2  LLM-related Accelerators. Previous works [26, 27, 34-36, 51, 53-60] have introduced accelerators designed
for transformer models. Some of these works [27, 51, 56, 59] focus on accelerating sparse attention and model
inference on a single device. However, as the size of models grows, the memory capacity of a single accelerator
becomes inadequate. DFX [26] and ExeGPT [60] address this limitation by distributing models across multi-
ple devices. In addition, DFX particularly optimizes inference latency during the decode stage with efficient
interconnections and DMA schemes.

However, these approaches still struggle with managing the interference and resource contention between the
prefill and decode stages. More recent works like DistServe [34], Splitwise [36], and Mooncake [35], propose
a disaggregated architecture that allocates prefill and decode operations to separate accelerators, enabling
independent optimization for different design objectives (e.g;, TTFT and TPOT). Disaggregated architectures also
face challenges related to low resource utilization in decode clusters, leading to substantial inefficiencies.

2.2.3 Streaming Architecture. Streaming architectures have been proposed in previous researches to optimize
off-chip memory access [17, 18, 28, 61]. Data is streamed from PE to PE in these designs. FIFOs are inserted
between PEs as the interface. Streaming architectures are friendly for high-level synthesis (HLS). But, they are
usually not optimized for physical layout, causing poor resource utilization.

3  MOTIVATION AND ARCHITECTURE OVERVIEW

3.1 Motivation

In cloud-based Maa$ scenarios, a batched decoding system is critical for higher STP and lower TCO. However,
existing FPGA designsfall short of delivering adequate peak performance to meet the batched decoding computing
demands. Additionally, attention computations suffer from low computing unit utilization. To address these

challenges, guided by Equation 3, CD-LLM focuses on: (1) reducing computational workload, (2) enhancing peak
performance, and (3) improving computing unit utilization.

Peak Per formance X Utilization

Th hput =
roughpu Computation Workload

(3)
3.1.1 Mixed-precision Quantization to Reduce Workload. For specific FPGA-based designs, low-bit quantization
can reduce computation workload by converting high-bitwidth operations into lower-bit operations. Existing

coarse-grained quantization methods (e.g., with a group size of 128) perform well at 4-bit precision, reducing
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the precision to 3-bit results in an unacceptable accuracy loss of 8.54%, as shown in Figure 1(b). The primary
reason for this degradation is that outliers within each quantization group cause the remaining data to be
compressed to zero. As described in Equation 2, these outliers lead to a very large scaling factor S for the group,
which becomes even larger as the bitwidth Np;;s decreases. A large S compresses smaller weight values W to zero,
causing significant accuracy degradation. For example, there are 25.47% zeros in 3-bit quantized weights using
AWQ where the group size of 128, while only 12.93% in 4-bit quantization. In addition, quantization introduces
extra meta-data beyond weights, such as zero points and scaling factors. These meta-data are typically stored at
separate memory addresses from the quantized weights within DRAM and on-chip buffers. Due to the nature
of DRAM, non-contiguous fine-grain memory access reduces bandwidth utilization to 51.77% and limits the
computing performance.

Therefore, smaller groups can mitigate the impact of outliers, enabling lower bit mixed-precision compression
while maintaining accuracy. Smaller quantization groups are essential for implementing <4-bit mixed-precision
quantization schemes, which further reduce computation workloads. However, due to the coarse-grained nature
of single instruction multiple thread (SIMT) architectures, GPUs may not achieve performance gains from <4-bit
mixed-precision quantization (e.g., 3/4-bit quantization) in smaller groups because of the additional dequantization
overhead. In contrast, with custom architectural designs, FPGAs can effectively exploit lower bitwidths to achieve
significant performance benefits.

3.1.2  Layout-aware Architecture Design to Improve Peak Performance. The layout and proportions of resources
such as DSPs, BRAMs, and LUTs are fixed in FPGAs. This constraint forces designs on FPGAs to map onto existing
cells and connect them via configurable wires rather than placed in optimal locations like in ASICs. Therefore,
current designs fail to align with the resource layout of FPGAs, resulting in suboptimal resource
utilization, longer interconnect wires, and poor timing, ultimately limiting peak performance, as illustrated in
Figure 1(c). While this approach can meet less demanding computational needs, it leads to suboptimal resource
utilization and timing issues. For example, DFX [26]; Allo [28]; and FlightLLM [27] operate at frequencies of 200
MHz, 245 MHz, and 225 MHz, delivering only 1.41 TFLOPS, 1.74 TOPS, and 5.71 TOPS, corresponding to just
5.76%, 7.10%, and 23.31% of the AMD Alveo U280 FPGA’s peak performance [31]. These designs struggle to satisfy
the computational requirements for batched decoding of 70B models, which demand up to 363.64 TOPS, leaving
a performance gap of up to 7.96x.

The primary computational demand in LLM batched decoding comes from matrix multiplication. Inspired
by the simple computation need of LLM batched decoding, designing a highly simplified compute-dedicated
unit could improve FPGA resource utilization and peak performance. The compute-dedicated design adjusts the
utilization of different resources according to the proportions guided by the physical layout, while simultaneously
leveraging DSPs, BRAMs, and LUTs for MAC operations to enhance computational performance. Furthermore, the
compute-dedicated unit separates on-chip buffers and control logic from the computing units. These optimizations
improve resource utilization and operating frequency, ultimately boosting peak performance.

3.1.3  Heterogeneous System to Improve Utilization. Batching has different effects on linear and attention
layers due to their varying computational intensities. As shown in Equation 4, where B represents the
batch size, D; and D, denote the input and output dimensions, batching significantly increases the computational
intensity (CI) for linear layers since all activations share the same weights. However, for attention layers, the
KV cache data also scales with batch size, leaving the CI unchanged as the batch size grows. Consequently,
attention computations are highly memory-bound, leading to low computing utilization. For instance, in an
8-card A100 GPU system, multi-head attention (MHA) achieves only 3.72% utilization of available computational
performance. In contrast, linear layers, under large batch sizes, demand high-performance computing units to
speedup, achieving utilizations ranging from 28.11% to 66.16% under the same configuration. Thus, homogeneous
systems struggle to efficiently manage both attention and linear computations due to their contrasting resource
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To address this challenge, a heterogeneous system can be utilized to handle attention and linear computations
on different FPGAs. Attention computations can be offloaded to an HBM-equipped FPGA for higher memory
bandwidth, while linear computations can be assigned to FPGAs optimized for high computational performance.
Moreover, these two stages run on separate hardware and can be pipelined across requests to significantly
enhance system throughput.

3.2 Architecture Overview of CD-LLM

As illustrated in Figure 2, CD-LLM is'a heterogeneous multi-FPGA system comprising one master FPGA and N
slave FPGAs. Each slave FPGA is equipped with two Tensor Units responsible for batched linear layer computations.
The Tensor Units employ an FPGA-oriented compute-dedicated architecture, optimizing resource utilization and
frequency, and achieving a performance of 59.90 TOPS. The master FPGA features an MHA CD Block, VPU Array,
Data Scheduler, and Instruction Controller. The MHA CD Block also utilizes a compute-dedicated architecture,
leveraging the HBM for attention computations. Additionally, the master FPGA performs all floating-point
nonlinear operations, such as Softmax and SiLU. Detailed descriptions are provided in the following sections.

4 MIXED-PRECISION QUANTIZATION ENGINE
4.1 Importance-aware Quantization

Inspired by AWQ [30] and SmoothQuant [40], we have two key observations in model quantization. 1. Outliers
can significantly affect the model’s accuracy. This is because outliers bring large scales, making other values in
the group be quantized to zero. 2. The distribution of the magnitude of the input activations introduces different
importance of the corresponding weight rows, as shown in Figure 3(a). Based on these observations, we propose
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Fig. 4. Memory-aligned data packing for (a) 4-bit mode and (b) 3-bit mode. Each square represents a single bit of data.

the importance-aware mixed-precision quantization, assigning different bitwidths to weight rows based on their
importance, to further exploit weight compression for better decoding performance.

During quantization, we first analyze the magnitude distribution of input activations for each linear layer. The
weight rows are then reordered offline according to the magnitudes of their corresponding activations, from
smallest to largest. Based on a predefined ratio R% of 3-bit weights, we select the first R% of rows with the smallest
magnitudes and quantize them to 3-bit precision. Quantization is subsequently applied within each output hidden
dimension, with groups spanning different input hidden dimensions, as shown in Figure 3(b). The quantized
weight rows are stored in sorted order, placing 3-bit and 4-bit weights together to enable efficient access.

Next, the columns of each layer’s weights are reordered offline according to the row order of the subsequent
layer. This allows outputs from the previous layer to be directly used as inputs for the next layer, as illustrated in
Figure 3(d). During online inference, a hardware reorder unit performs a one-time reorder of input activations to
match the required order for the first linear layer, ensuring alignment with the sorted weight rows. Compared to
inference without any offline weight reordering (Figure 3(c)), this approach requires only a single pre-processing
step for input activations, which can be efficiently overlapped with model inference.

To maximize the fixed-point computing performance of FPGAs, we introduce a two-level scaling factor design
in our quantization approach. Instead of using a single FP16 scaling factor per group, we decompose it into
two levels: an INT8 scaling factor for each group and a shared FP16 scaling factor across all groups within the
same column. The second-level INT8 scaling factor ensures that all MAC operations are performed using fixed-
point arithmetic, avoiding inefficient floating-point computations that consume substantial hardware resources.
Meanwhile, the first-level FP16 scaling factor retains sufficient data representation capability to preserve model
accuracy. We select R = 55% in our quantization strategy, achieving 3.45-bit weight quantization with a maximum
accuracy loss of 1.22% on Llama-3.1-70B-Instruct, as validated on the GSM8K and HumanEval datasets.

Notably, this importance-aware weight quantization scheme is a general approach applicable across different
models. For example, AWQ [30] and MBQ [62] employ activation-magnitude-guided quantization strategies that
leverage the importance of weights determined by activation magnitudes in LLMs and visual language models
(VLMs), demonstrating the general applicability of this approach.

4.2  Memory-aligned Data Packing

During group-wise quantization, computations depend on various types of tensors, including low-bit activations,
weights, and their associated zero points and scaling factors. Existing solutions demand multiple memory access
to load these components into on-chip buffers before computation starts. However, the relatively small size of zero
points and scaling factors (around 3.9% of total data for a group size of 128) results in fine-grained memory access,
which significantly reduces effective bandwidth utilization to 51.77% in FlightLLM. To address this inefficiency,
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Fig. 5. The compute-dedicated architecture of slave FPGAs.

we propose a memory-aligned data-packing scheme, packing all necessary data for each computation together
and aligning the bitwidth with the AXI interface during offline compilation. During inference, each data chunk
aligns with the AXI interface bitwidth, enabling computations to commence immediately upon retrieval, reducing
pipeline bubbles, and enhancing performance.

The memory-aligned data packing scheme is illustrated in Figure 4. For 4-bit mode, each 128-bit data line
consists of two 64-bit groups. Each group contains 13 INT4 weights, one INT4 zero point, and one INT8 second-
level scaling factor. For 3-bit mode, each 128-bit data line consists of one group, including 39 INT3 weights, one
INT3 zero point, and one INT8 second-level scaling factor. This design ensures that each 128-bit data transaction
that matches the bitwidth of the AXI interface contains all of the data for one or two quantization groups. In fact,
smaller groups increase quantization meta-data. Considering the overhead of quantization meta-data, the average
bitwidth of our approach is 3.94 bits, compared to 4.25 bits for AWQ’s 4-bit method, which still demonstrates a
lower overall bitwidth. Furthermore, our method achieves additional advantages in bandwidth utilization through
memory-aligned data packing, further enhancing system efficiency.

Since the weights are grouped and stored as 3-bit and 4-bit during the quantization stage, we stored 3-bit and
4-bit weights in'independent memory channels. Then, the weights and meta-data required for each computation
are packed by the memory-aligned data packing scheme. This strategy enables offline precise allocation of specific
computing units to each memory channel. By packing the grouped data to match the bitwidth of the AXI interface,
we could maximize memory utilization and computational efficiency.

5 COMPUTE-DEDICATED FPGA ARCHITECTURE
5.1 Compute-dedicated Architecture for FPGA

5.1.1 Resource Mismatch in Previous FPGA-based Designs. As mentioned in 3.1.2, previous architecture designs
always neglect the impact of the FPGA layout. For example, a streaming-based systolic array [63] [28], which
is friendly for General Matrix Multiplication (GEMM) data flow, employs more on-chip buffer than DSP. We
evaluate a 32 X 32 systolic array on VU3P and show the resource utilization in Table 1. Although the systolic
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Table 1. 32 X 32 systolic array resource utilization on VU3P.

LUT BRAM (M18K) DSP

vu3p 394k 1440 2280
Systolic Array  91.2k 1088 1024
Utilization 23.14% 75.56% 44.91%

array achieves high efficiency and scalability for GEMM operations, it fails to adapt to the resources on VU3P.
Only 44.91% of DSPs are utilized consuming 75.56% of BRAMs and 23.14% LUTs. In this case, scaling is limited by
insufficient BRAM resources wasting vast amount of LUTs. Besides, there are 17 DSP columns and 11 BRAM
columns in VU3P. It is unfriendly to map a 32 X 32 systolic array on VU3P, leading to long wires and poor timing.

5.1.2  Compute-dedicated Architecture Designs. Data flow in LLM batched decoding is simple enough to detach all
computing to a compute-dedicate block improving performance. As shown in Figure 5, slave FPGAs in CD-LLM
all employ Compute-Dedicated (CD) Architecture making all resources focus on Tensor processing. Each slave
FPGA contains two Tensor Units since U250 FPGA is split into two parts by the High-Performance IO. In each
Tensor Unit, there are four Compute-Dedicated Blocks (CD Blocks) on each SLR for tensor computing. Each CD
Block consists of 32 DSP Rows for 32 general matrix-vector multiplication (GEMV) operations. Slave FPGAs
receive activations from the master FPGA via Network Interface (NI). All activations are preloaded to MAC units
in DSP Row before tensor processing. The near-memory controller (NM Ctrl) will stream tensor data from the
Prefetch Buffer to each DSP Row for GEMV operation. Accumulation results of all GEMV operations are kept in
the network buffer for the next accumulation or transmission to the master FPGA.

5.1.3  Key Optimizations in CD Architecture. As illustrated in Figure 5, the CD architecture differs from previous
compute- and control-centric designs in three key aspects:

Near-memory controller. Due to the simplified memory access pattern in LLM batched decoding, the complexity
of the control unit can be greatly reduced. We move the controller near the DDR controller. It schedules data flow
based on the status of the Prefetch Buffer and controls the target address for the network buffer.

Full streaming dataflow with simplified memory hierarchy. CD architecture employs a non-blocking
streaming data flow for all data movements and computations. There are no stalls in data transfers or the
computation pipeline in the CD Block, avoiding control or back-pressure logic in the Tensor Unit.
Computing-dedicated block. Since the CD Block is employed only for computing, all on-chip resources in the
CD Block are accessible. All DSPs, BRAMs, and LUTs, according to the FPGA layout, are employed as MAC units
to compose a hybrid CD Block, as shown in Figure 5. Due to the structured design, long wires are avoided in the
CD block, leading to less congestion, higher clock frequency, and better resource utilization.

In contrast to conventional FPGA-based streaming architectures, the proposed CD architecture eliminates the
need for input FIFOs and back-pressure control logic within individual processing units. It instead utilizes idle
BRAMs and LUTs to perform MAC operations, thereby improving resource efficiency. This design achieves 59.90
TOPS on a Xilinx VU13P FPGA equipped with 12,288 DSPs, corresponding to 5.09 GOPS/DSP that substantially
outperforms prior architectural approaches.

5.2 Dynamic BRAM-based MACs

In each CD block, all on-chip resources are devoted exclusively to computation. BRAMs, which are placed in
columns adjacent to certain DSP columns on the FPGA, can be repurposed for MAC operations to boost peak
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Table 2. Frequency and LUTs utilization of different modules.

Module 32b+32b 4bx8b 4bx12b 8b x 8b

Frequency 1124 MHz 813 MHz 778 MHz 710 MHz
LUT 32 31 43 73

performance. In CD-LLM, we employ both INT4- and INT3-quantized weights. Since each M18K memory block
has a depth of 512 words, we map three INT3 MACs onto a single BRAM.

As shown in Figure 6(a), each BRAM-based MAC unit consists of a BRAM and a small update logic block.
When a new vector configuration begins, three input vectors.are sent to a vector accumulator. The accumulator’s
output, along with the address counter, drives the BRAM update logic. After the update, the BRAM holds all MAC
results for those three activations across their respective weights. By accessing BRAM with input weights, the
corresponding precomputed MAC result is retrieved.

The BRAM update procedure is detailed.in Algorithm 1. During this routine, the element V} is added into the
accumulator register acc_result eight times over nine consecutive cycles to generate the MAC results. On the
fourth cycle, the accumulator subtracts 8 X Vj to calibrate the acc_result for negative weights. When Vj has
been processed, V; is added to the acc_result once. And then V;, updating is processed again. After V; is updated
eight times, V, will be accumulated once. Similar to V; calibration, V; and V, will also be calibrated at the fourth
accumulation. By streaming all three vector elements through a single adder, the design requires only one adder.
Each BRAM holds the MAC lookup table for six elements in two vectors, achieving 12 OPs/cycle performance.

The BRAM update procedure requires 512 clock cycles. To mitigate the associated latency, a dual-BRAM
architecture is employed in which one BRAM performs computation while the other undergoes updating. In
typical LLM inference workloads, the number of weights per row frequently exceeds 2048, which provides
sufficient computational duration to effectively conceal the update latency.

Unlike previous BRAM-based MACs, the MAC table in each BRAM is updated dynamically according to the
input vector achieving better performance. Compared to customized BRAM-based MAC units (e.g., BRAMAC [64]),
the existing basic BRAM block is enough for our dynamic BRAM-based MAC unit. In CD-LLM, 13 columns of
BRAM are used for MACs, providing an additional 19.97 TOPs peak performance.

5.3 Resource Optimization

Increasing resource utilization on FPGA is often challenging due to insufficient wires. CD-LLM uses two types of
in-DSP wire resources to minimize the need for additional wires: (1) POUT cascade resource (PCIN and PCOUT).
Except for the last output in the DSP column, all DSP outputs are routed to the next DSP using the cascade path.
(2) B cascade resource (BCIN and BCOUT). Vectors are placed at input port B, which has two input registers (B1
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Algorithm 1 Dynamic BRAM-based MAC Table Update

Input: Vy, Vi, V;
Output: Mult_LUT _addr = addr_cnt,
Mult LUT dat = acc_result
addr_cnt «— 0
acc_result «— 0
while addr_cnt < 512 do
while addr_cnt[5: 0] # 0 do
acc_result « acc_result +Vj
addr_cnt < addr_cnt + 1
Update BRAM
while addr_cnt[2: 0] # 0 do
if addr_cnt[2 : 0] == 4 then
acc_result « acc_result — (Vy << 3)
end if
acc_result « acc_result +V}
addr_cnt «— addr_cnt + 1
Update BRAM
end while
if addr_cnt[5 : 3] == 4 then
acc_result «— acc_result — (V; << 3)
end if
acc_result « acc_result + V;
Update BRAM
end while
if addr_cnt[8 : 6] == 4 then
acc_result «— acc_result — (V5 <<'3)
end if
acc_result «— acc_result +V,
addr_cnt < addr_cnt +1
Update BRAM
end while

and B2). Since vectors are rarely updated in LLM decoding, we cascade all B1 registers within a DSP column, as
shown in Figure 6(b). New vector inputs are fed into the first B1 register and shift through the cascade path one
by one. When new vectors are needed, an update signal is sent to all DSPs. This design reduces approximately
60% of input wires in DSP columns with 12-bit inputs on port B and 8-bit inputs on port A, enhancing overall
DSP utilization:

Figure 6(c) shows 3 DSPs with 2 adders in a small block. In this block, only 4.42% LUTs are used. If we insert
6 multipliers and 4 adders in the block, as shown in Figure 6(d), 38.46% of LUTs are used to improve resource
utilization. We evaluate different basic modules in Ultrascle+ FPGA, and the results are shown in Table 2. For
basic modules, the logic could operate at 700 MHz, which is as fast as DSPs. According to the evaluation, idle
LUTs are used as MAC units to achieve better peak performance.

Owing to the complex memory hierarchy and control mechanisms, previous FPGA designs typically run at
lower frequencies, around 200+ MHz. However, this architecture enables full pipelining of all logic circuits without
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Fig. 7. Micro-architecture of the master FPGA.

any blocking or back-pressure. Thus, the CD Block could work at a much higher frequency (600 MHz), including
BRAMs, LUTs, and DSPs. Other parts work at 300 MHz. This approach eliminates the overhead associated with
DSP frequency doubling and reduces the need for additional input or output multiplexers (MUXes). Considering
all the above mentioned optimizations, DSPs, BRAMs and LUTs provide 28.57 TOPS, 19.97 TOPS and 11.36 TOPS
computing performance, respectively. Finally, CD-LLM achieves 59.90 TOPS on each U250 FPGA.

6 HETEROGENEOUS MULTI-FPGA SYSTEM
6.1 Master-Slave Architecture

6.1.1  System Architecture. As illustrated in Figure 7, the multi-FPGA system is structured using a master-slave
architecture with a star topology, where all slave FPGAs are connected to the master FPGA via an Aurora-
based [65] network interface. The Vector Unit on the master V80 FPGA communicates with Tensor Units
across eight U250 FPGAs through the Network Interface (NI). Both the Tensor Units on slave FPGAs and the
MHA Compute-Dedicated Block (MHA CD Block) on the master FPGA are designed with the compute-dedicated
architecture to deliver high performance for batched decoding. The Instruction Controller manages the scheduling
among the Vector Unit, the MHA CD Block, and the Tensor Units across FPGAs, issuing commands to initiate
computations or memory access as required. Additionally, a Reorder Unit is included to perform online reordering
of input activations based on the row indices of the first weight matrix, enabling mixed-precision computations.

6.1.2 Optimization of Linear and Attention. Due to the distinct computational characteristics of linear and
attention layers in LLM batched decoding, attention computations demand high memory bandwidth, while
batched linear computations primarily require high computational performance.

To address these differences, CD-LLM employs a heterogeneous system that separates attention and linear
computations across different hardware platforms and establishes a pipeline between them. The master node, a
V80 FPGA equipped with HBM, is optimized for bandwidth-intensive attention computations. The slave nodes,
U250 FPGAs, leverage a large number of DSPs at a low cost, providing high computational performance and
lower TCO. This design enables request-level computation parallelism and maximizes hardware utilization.

Attention computations (QK”, Softmax, PV) are executed on the master V80 FPGA, while linear computations
are assigned to the slave U250 FPGAs. During inference, a task scheduler on the master FPGA coordinates pipelined
execution and communication between the master and slave FPGAs. To maximize overlap and utilization, we
evenly split batched decoding into two micro-batches: while the master processes the attention of the first micro-
batch, the slave FPGAs concurrently perform the linear computations of the second. This alternating execution
continues across micro-batches, minimizing idle time caused by data dependencies between attention and linear
computations. As a result, the system achieves an end-to-end performance improvement of 1.12X-1.86X, with
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computing utilization reaching 83.08% for linear computations on the slave FPGAs and 68.30% for attention
computations on the master FPGA.

6.1.3 Discussion. In the current system configuration, the primary cause of idle compute units is the network
transmission latency. This limitation arises because the U250 board is equipped with only two network ports,
although the FPGA chip itself supports additional network interface expansions. Notably, when processing larger
models, the relative workload on network transmission reduces because of longer computing latency, resulting
in higher utilization.

7 EVALUATION
7.1 Evaluation Setup

Models and Metrics. We choose the state-of-the-art LLM Llama-3.1-70B-Instruct [9] to evaluate our design. We
evaluate the accuracy of the original FP16 model, weight-only quantized with AWQ [30], and our proposed mixed
precision quantization under the commonly used GSM8K [66] and HumanEval [67] datasets. We select GSM8K
to evaluate mathematical reasoning and chain-of-thought capability, and HumanEval to assess code generation
and functional correctness. All evaluations are performed on the full test subsets, i.e., 1319 problems for GSM8K
and 164 problems for HumanEval.

The STP of the decode stage is defined as the number of output tokens divided by the duration of the decode
stage (token/s). Note that CD-LLM only accelerates the LLM batched decoding for disaggregated prefill/decode
systems. Therefore, prefill operations are not considered in the CD-LLM system. We use tensor parallelism on
eight cards for both GPU and FPGA systems in all evaluations. All GPU and FPGA experiments are repeated five
times. The performance is very stable, with a standard deviation of less than 1% on GPUs and less than 0.3% on
FPGAs, so we report the average performance in our evaluation.
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Fig. 9. Decode throughput under different batch size with [input, output] = [1024, 256].
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Table 3. System configurations for the baselines and CD-LLM, with hardware parameters reported for a single card.

Card Freq. Perf. Mem. BW Power

System Hardware Num (MHz) (TOPS) (GB) (GB/s) (W)
DFX [26] Alveo U280 (16nm) 8 200 1.41 16 460 45
Allo [28] Alveo U280 (16nm) 8 245 1.74 16 460 30
FlightLLM [27] Alveo U280 (16nm) 8 225 5.71 16 460 45
HyperAccel [68] Alveo U55C (16nm) 8 (Not Reported) 16 460 75
RTX3090 GPU RTX3090 (8nm) 8 1695 284 24 936 209
A100 GPU A100-SXM4-80GB (7nm) 8 1410 624 80 2040 320
CD-LLM (Master) Alveo V80 (7nm) 1 300 13.98 32 820 140
CD-LLM (Slave) Alveo U250 (16nm) 8 600 59.90 64 77 190
RTX3090 A100 CD-LLM
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Fig. 10. Decode throughput of CD-LLM and GPU system under different [input, output] with batch size 256.

GPU Baselines. We compare CD-LLM against both GPU and state-of-the-art FPGA systems, as detailed in
Table 3. For GPU systems, we utilize the TensorRT-LLM [69] framework with W4KV8! quantization, running
on a server with eight A100-SXM4-80GB GPUs and another server with eight RTX3090 GPUs. GPU power
consumption is measured using NVIDIA’s system management interface (nvidia-smi).

FPGA Baselines. For FPGA LLM accelerators, we include DFX, FlightLLM, Allo, and HyperAccel in our compar-
ison. We summarize below the methods used to evaluate the performance and power of different FPGA LLM
baselines.

o DFX and FlightLLM: Performance is measured using FlightLLM’s performance simulator [70] for a
single U280 card on a 7B model, under the corresponding input-output sequence lengths and batch sizes.
The results are then extrapolated to a 70B model based on actual computational and memory requirements,
assuming ideal linear scaling across eight cards. Power consumption values are directly taken from the
respective publications [26, 27].

e Allo: Performance for the 70B model is estimated from the reported Vicuna-13B inference results [28],
again assuming linear scaling across eight cards. Power consumption is conservatively estimated at 30W
due to the lack of reported data.

e HyperAccel: Performance of the OPT-66B model under an eight-card FPGA setup is taken directly from
the official website [68] and its datasheet [71]. Power consumption is also sourced from the datasheet.

'WxKVy denotes x-bit quantization for weights and y-bit quantization for KV caches.
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Table 4. Resource utilization on Master (V80) and Slave (U250) FPGAs

Utilization Master (V80) Slave (U250)

LUT 971k (37.72%) 698k (40.39%)
FF 1580k (30.69%) 1680k (48.61%)
BRAM 1275 (34.33%) 1776 (66.07%)
URAM 960 (49.87%) 80 (6.25%)

DSP 6108 (56.31%) 11356 (92.42%)

In the multi-FPGA scalability experiments (Table 7), we directly use the data reported from the DFX paper [26]
and the HyperAccel website [68]. Note that the 8-card scalability for DFX is not reported.
FPGA Implementation.We implement CD-LLM in Verilog using Vivado 2024.1. Figure 8 illustrates the layout
of CD-LLM on the U250 FPGA. And Table 4 shows the resource utilization for on the Master and Slave FPGAs.
Power consumption is measured through on-board sensors.

7.2 Evaluation Results

7.2.1 Inference Accuracy. As outlined in Equation 2, the quantized weight within a group is determined by the
extremal values (the maximum and minimum weights). When outliers, defined as weights significantly larger or
smaller than the majority, are present in a quantization group, they disproportionately influence the quantization
range. This results in a greater number of weights near/zero being quantized to zero, thereby exacerbating
accuracy degradation. In our proposed method, this issue is effectively alleviated by smaller quantization groups,
which reduce the influence of outliers. As a result, in the AWQ approach with a group size of 128, the proportion
of weights quantized to zero reaches 12.93% for 3-bit quantization and 25.47% for 4-bit quantization. In contrast,
our 3.45-bit quantization strategy results in a zero ratio of just 13.13%, closely matching the accuracy of AWQ’s
4-bit quantization while using fewer bits.

CD-LLM employs an importance-aware mixed-precision quantization strategy, which facilitates more ag-
gressive weight compression without compromising model accuracy. Empirical evaluations conducted on the
GSM8K and HumanEval benchmarks substantiate the efficacy of our approach. As presented in Table 5, our
mixed-precision quantization incurs amaximum accuracy loss of only 1.22%, which is comparable to the 4-bit
AWQ quantization despite utilizing lower bitwidths for weights and KV cache. Notably, CD-LLM demonstrates
superior accuracy relative to the 3-bit AWQ method, owing to its selective compression mechanism: only less
significant weights are quantized to 3-bit, while preserving critical weights at 4-bit precision.

However, the coarse-grained feature of the SIMT architecture makes it challenging for GPUs to gain additional
performance from fine-grained mixed-precision quantization. FPGA-based CD-LLM, on the other hand, may
gain more effectively from fine-grained mixed-precision quantization in terms of reduced access memory and
improved DSP efficiency. In this scenario, the four DDR channels on the U250 are evenly divided between 3-bit
and 4-bit weights.

The inherently coarse-grained execution model of GPU architectures limits their ability to fully exploit the
performance benefits of fine-grained mixed-precision quantization. In contrast, FPGA-based CD-LLM is better
suited to leverage such granularity, offering tangible advantages in terms of reduced memory access overhead
and enhanced DSP utilization. In our design, the four DDR memory channels on the Xilinx U250 FPGA are evenly
partitioned to store 3-bit and 4-bit weights, thereby enabling balanced bandwidth utilization and optimized
computational throughput.
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Table 5. Accuracy loss under different quantization methods.

Quantization Method GSMS8K [66] HumanEval [67]

Original Model (FP16) 91.96 (-) 46.34 (-)
AWQ [30] (W4KV8) 91.89 (-0.07) 45.12 (-1.22)
AWQ [30] (W3KV8) 90.07 (-1.89) 37.80 (-8.54)

CD-LLM (W3.45KV4) 91.51(-0.45)  45.12 (-1.22)

Table 6. Efficiency of DSPs (for FPGAs) and Tensor Cores (TCs, for GPUs), along with power efficiency across different
systems. GPU Tensor Core performance is evaluated using INT8.

#DSP/#TC STP Power DSP/TC Eff. Energy Eff.

Platform Hardware in System (token/s) (W) (GOPS per Unit)  (token/])
RTX3090 GPU 2624 445.46 1673 865.85 0.27
A100 GPU 3456 3835.66 2564 1444.44 1.50
Allo [63] FPGA 14.24k 105.62 240 0.98 0.44
FlightLLM [27] FPGA 49.15k 168.50 360 0.93 0.47
CD-LLM FPGA 96.96k 2721.79 1310 5.09 2.08

7.2.2  STP under Different Batch Sizes. Figure 9 presents a comparative analysis of the performance of CD-LLM
against baseline systems across varying batch sizes. The evaluation uses input and output token lengths of [1024,
256], consistent with the average sequence lengths observed in the widely adopted ShareGPT [72] dataset.

At smaller batch sizes (e.g., batch size < 8), CD-LLM exhibits relatively lower performance. This is primarily
due to its use of U250 FPGAs without HBM as slave devices, a design choice that lowers system cost but also
restricts off-chip memory bandwidth. Since small-batch decoding is highly memory-intensive, this limitation
reduces throughput.

Conversely, at larger batch sizes (e.g., batch size > 32), CD-LLM demonstrates superior performance, benefiting
from its substantially higher peak computational capacity compared to other FPGA-based systems. In typical Maa$S
cloud deployment scenarios, where batch sizes commonly reach 256 [13, 14], CD-LLM achieves a throughput
of 2721.79 tokens per second. This performance corresponds to a speedup of 16.15% over an 8-card FlightLLM
system, 6.11X over an eight-card RTX3090 GPU system, and 0.71X relative to an eight-card A100 GPU system.

7.2.3  STP under Different Input and Output. We assess the performance of CD-LLM across a range of input-output
sequence lengths under diverse evaluation scenarios. Following prior work [34] on profiling real-world workload
datasets including ShareGPT [72], HumanEval [67], and LongBench [73], we select representative context and
output lengths based on the distribution observed in practical datasets, covering context lengths from 128 to 2048
tokens and output lengths from 128 to 512 tokens.

As shown in Figure 10, when the context length increases, the share of memory-bound attention computations
grows, causing the performance of CD-LLM to be bottlenecked by the bandwidth of the master node. Even under
this constraint, CD-LLM achieves an average speedup of 5.72X relative to the RTX3090 system, while delivering
approximately 65% of the throughput attained by the A100 system. These results highlight the competitive
efficiency of CD-LLM, particularly in resource-constrained or cost-sensitive deployment environments.

7.2.4 DSP and Power Efficiency. CD-LLM achieves a peak performance of 59.90 TOPS, outperforming the
FlightLLM and Allo systems by factors of 10.49x and 34.43X, respectively. As detailed in Table 6, CD-LLM also
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Table 7. Scalability of multi-FPGA systems, with the number of FPGAs indicating the count of slave FPGAs in CD-LLM.

System 1FPGA 2FPGA 4FPGA 8 FPGA
DFX [26] 1.00x 1.57x 2.23x  (Not Reported)
HyperAccel [68]  1.00x 1.80% 3.13% 5.39%
CD-LLM 1.00x 1.99x 3.91x 7.62X

Table 8. Five-year TCO across different systems.

System Model STP Purchase Energy TCO
(token/s) Cost($) Cost($) ($/M token)
HyperAccel [68] OPT-66B 23.60 24k 3754.29 7.458
FlightLLM [27] Llama-3.1-70B 168.50 24k 2252.57 0.983
RTX3090 GPU Llama-3.1-70B 445.46 12k 10466.69 0.320
A100 GPU Llama-3.1-70B 3835.66 136k 16042.12 0.251
CD-LLM (V80+U250) Llama-3.1-70B 2721.79 95k 8196.86 0.240
CD-LLM (VH1872+VU13P) Llama-3.1-70B 2721.79 21k 8196.86 0.068
CD-LLM (VH1872+VU13P) Llama-3.1-405B 479.42 21k 8196.86 0.386

demonstrates substantial improvements in resource utilization. Specifically, CD-LLM enhances DSP efficiency by
5.19% over Allo and 5.47x over FlightLLM. These gains are primarily attributed to BRAM-based MAC and the
compute-dedicated architecture, which together enable more efficient exploitation of FPGA resources.

In terms of energy efficiency, CD-LLM delivers 4.73x and 4.42X improvements over Allo and FlightLLM,
respectively, as shown in Table 6. When compared to mainstream GPU platforms, it achieves 7.81x greater energy
efficiency than the RTX3090 system and 1.39% greater than the A100 system, highlighting its suitability for
high-performance, energy-efficient deployment scenarios.

7.2.5 Ablation Study. The performance improvements observed in CD-LLM can be attributed to three key
architectural and algorithmic enhancements, as illustrated in Figure 1. First, the use of lower bit quantization
significantly reduces computational overhead, contributing a 1.46X speedup. Second, the adoption of a compute-
dedicated architecture yields-a substantial increase in peak computational throughput, resulting in a 5.95x
improvement. Third, the deployment of a heterogeneous multi-FPGA system enhances overall resource utilization,
delivering an additional 1.86X performance gain. Collectively, these factors underpin the efficiency of CD-LLM in
high-throughput inference scenarios.

7.2.6  Scalability. As shown in Table 7, CD-LLM demonstrates superior scalability compared to existing multi-
FPGA designs as the number of FPGAs increases. With eight slave FPGAs, CD-LLM achieves a 7.62X performance
improvementrelative to a single slave FPGA. This scalability is primarily enabled by its master-slave architecture,
which effectively orchestrates aggregation-intensive operations commonly found in LLM workloads, such as
LayerNorm and Softmax.

Moreover, while inter-FPGA communication latency introduces some performance overhead, the system design
mitigates this through efficient pipelining. In particular, larger batch sizes help to amortize non-computational
latency, thereby improving overall throughput and maintaining high utilization across the FPGA array.

The data for DFX [26] and HyperAccel [68] are sourced from their paper or website.
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7.2.7 Inference Cost. Table 8 presents a comprehensive TCO analysis comparing CD-LLM with several baseline
systems. The TCO, expressed in dollars per million generated tokens, is computed as the sum of purchase and
energy costs over five years [74], as shown in Equation 5. Here, Cpurchase denotes the hardware purchase cost over
five years, Power is the average system power consumption (W), T denotes the time over five years, y represents
the electricity price ($/kWh), and Niken is the total number of tokens generated within five years. The TCO is
expressed in $/million token. We selected y = 0.14 $/kWh based on the average U.S. electricity price [75].

Cpurchase + Power X T X y

TCO =
Ntoken/ 106

®)

For CD-LLM, two configurations are considered: (1) CD-LLM (V80+U250), which utilizes AMD Alveo accelerator
cards, and (2) CD-LLM (VH1872+VU13P), which employs in-house FPGA cards. The cost estimates for in-house
FPGA configurations, as well as for other FPGA-based systems such as FlightLLM and HyperAccel, include
both the FPGA chip and associated board components. Pricing data for FPGA chips is-sourced directly from
vendors [76] and reflects bulk procurement volumes typical of cloud-based Maa$ providers (purchase quantity:
5,000-10,000).

Compared to GPU-based systems, CD-LLM provides a substantial advantage in TCO, a critical metric for
cloud-scale deployment. Although its performance is marginally lower than that of the A100, CD-LLM achieves
significantly lower per-token cost due to its reduced hardware and energy-expenses. As shown in Table 8, CD-LLM
delivers a 4.71x and 3.70X reduction in TCO for 70B model inference relative to RTX3090 and A100 systems,
respectively. Furthermore, CD-LLM can support 405B model inference at a comparable TCO, whereas the GPU
systems are limited to 70B inference under similar cost constraints. This advantage stems from CD-LLM ’s
competitive performance, combined with its markedly lower acquisition cost and power consumption. Compared
to other FPGA-based solutions, CD-LLM achieves over 14X better TCO, primarily due to its superior resource
utilization.

8 DISCUSSION

The preceding sections have detailed the design of CD-LLM and demonstrated its high performance and efficiency.
However, its achievable throughput is ultimately bounded by the hardware constraints of contemporary FPGA
platforms. In this section, we discuss the impact of Mixture-of-Experts (MoE) models and explore prospective
developments in FPGA technology for LLM inference.

Limitations of Existing FPGAs. As demonstrated in the evaluation results, CD-LLM delivers a superior
TCO compared to the NVIDIA A100 GPU, albeit with lower end-to-end throughput. This performance gap is
primarily attributable to limited peak computational capability. Leveraging the CD architecture, CD-LLM attains
59.90 TOPS on a Xilinx VU13P FPGA, still less than one-twentieth of the peak performance of an A100 GPU. The
VU13P, introduced in 2016, employs DSPs for MAC operations and DDR4-2400 memory, both of which impose
significant constraints on large-scale LLM inference. Furthermore, most of the device’s SerDes remain unused
in the current CD-LLM implementation, despite their potential to provide higher network bandwidth. These
observations suggest that CD-LLM could achieve substantially greater throughput if deployed on platforms with
increased computational resources and higher memory bandwidth.

Impact of MoE Models. MoE-based models exhibit significantly lower computational intensity compared to
dense models. For instance, the DeepSeek-R1 [77] comprises 256 experts, of which only 8 are activated during
each inference, corresponding to just %(%) of the operations required by a dense model. This reduced demand
for peak performance makes MoE models well-suited to FPGA-based systems. Moreover, large-scale MoE models
typically require greater memory capacity. For DDR-based FPGA platforms, this characteristic can facilitate
improved TCO.
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Table 9. CD-LLM with hypothetical hardware configurations.

CD-LLM Master Bandwidth Slave Performance Slave Memor Slave Bandwidth
Configuration (GB/s) (TOPS) y (GB/s)
V80+U250 820 (V80) 59.90 4xDDR4-2400 79.2
Config A 2040 (same as A100) 120 4xDDR5-4800 153.6
Config B 3350 (same as H100) 240 6xDDR5-6400 307.2
Config C 4800 (same as H200) 360 8xDDR5X-8533 546.1

A100 ' CD-LLM (V80+U250) = CD-LLM (ConfigA) m CD-LLM (Config B) ® CD-LLM (Config C)
20000

Q)
S
§ 15000
=
3 10000
=
]
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=
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0
[batch, in, out] [256, 1024, 128] [256, 1024, 256] [256, 1024, 512]

Fig. 11. Decode throughput of an eight A100 GPU system and CD-LLM under different hardware setups.

Outlook for Future FPGAs. For LLM inference, both higher computational performance and greater memory
bandwidth will be essential. We evaluate the projected performance of CD-LLM under several hypothetical
hardware configurations, as summarized in Table 9. In these projections, the memory bandwidth of the master
FPGA is assumed to match that of various GPUs, reflecting the memory-bound nature of attention operations.
The performance of the slave FPGAs is assumed to align with the MX6 performance of AMD Versal Al Edge
Series Gen 2 devices [78] equipped with different off-chip memory types.

As illustrated in Figure 11, a configuration with four DDR5-4800 memory modules and 120 TOPS per slave
FPGA vyields a 1.5% throughput improvement, despite each slave FPGA delivering only one-tenth of the peak
performance of an NVIDIA A100 GPU. Owing to their lower TCO, FPGAs have the potential to provide superior
performance in future LLM inference workloads, particularly for low-operation-intensity tasks such as attention
and MoE processing. Relative to the baseline CD-LLM system, enhanced hardware configurations achieve
throughput gains of 2.13%,4.21x, and 6.14X, respectively. These results indicate that, with anticipated advances
in FPGA performance and memory bandwidth, substantial improvements in FPGA-based LLM inference systems
are achievable.

9 CONCLUSION

In this paper, we introduce CD-LLM, a heterogenous multi-FPGA system, enabling cloud FPGAs available for
batched decoding of 70B+ LLMs. CD-LLM apply memory-aligned quantization engine, compute-dedicated archi-
tecture design and heterogeneous master-slave mutli-FPGA system techniques. CD-LLM achieves a throughput
of 2721.79 token/s on Llama-3.1-70B. Compared to eight-card RTX3090 GPU system, CD-LLM delivers a 6.11x
increase in STP and a 4.71X reduction in TCO for 70B LLM decoding.
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