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Abstract

Foundation neural networks—large-scale, pre-trained models such as transformers—have rapidly
emerged as the cornerstone of state-of-the-art artificial intelligence systems across natural language
processing, vision, multi-modal understanding, and beyond. These models, characterized by billions
of parameters and intricate computational graphs, demand unprecedented levels of compute, memory
bandwidth, and energy efficiency, especially during inference at scale. While GPUs and TPUs have
been the dominant hardware platforms supporting these models, their limitations in power efficiency,
customization, and deterministic latency have motivated the exploration of alternative accelerators.
Field-Programmable Gate Arrays (FPGAs) have recently gained significant attention as a viable
solution due to their reconfigurability, fine-grained parallelism, and ability to tailor hardware directly
to model-specific computations. However, deploying foundation models efficiently on FPGAs remains
an enormously challenging task due to a multitude of hardware-software co-design complexities,
memory hierarchy limitations, toolchain immaturity, and a lack of abstraction layers suited for the
evolving model landscape. This paper provides a comprehensive and in-depth review of FPGA-
based accelerators for foundation neural networks, systematically examining the current architectural
techniques, optimization strategies, and deployment methodologies that have been proposed in
the literature and industry. We begin by surveying the fundamental challenges in mapping high-
dimensional tensor operations—especially those involved in attention mechanisms, normalization
layers, and large-scale matrix multiplication—onto FPGA fabrics, and discuss techniques such as
systolic arrays, dataflow execution, quantization, sparsity exploitation, and operator fusion that
mitigate these challenges. We analyze representative accelerator architectures and demonstrate how
different design trade-offs influence performance, power efficiency, and scalability across various
FPGA platforms. Furthermore, we explore the critical role of compiler and toolchain ecosystems
in enabling efficient model-to-hardware transformations, identifying the current bottlenecks and
highlighting emerging frameworks aimed at closing the productivity gap. Beyond the state-of-the-art,
we delve into unresolved technical barriers including on-chip memory constraints, dynamic sequence
handling, design space exploration (DSE) complexity, and limitations in runtime adaptability. We also
discuss how FPGAs can be integrated into larger heterogeneous systems, including hybrid FPGA-GPU
architectures and cloud-based FPGA-as-a-Service platforms, to support full-scale deployment pipelines
for foundation models. Particular attention is given to the emerging paradigm of model-hardware
co-design, where foundation models are trained with explicit consideration of hardware constraints
to maximize efficiency and deployability. Finally, we outline key future directions, including ultra-
low-precision arithmetic, reconfigurable attention kernels, FPGA-friendly model architectures, and
domain-specific compilers that may fundamentally reshape the design landscape of foundation model
accelerators. Through this review, we aim to provide a detailed roadmap for researchers, engineers,
and system architects seeking to harness the potential of FPGA platforms for foundation model
inference and beyond. By bringing together insights from machine learning, hardware architecture,
and systems engineering, we highlight not only the promise but also the rigorous interdisciplinary
efforts required to make FPGA-based AI acceleration viable, scalable, and accessible in the era of
ever-growing foundation models.
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1. Introduction
The rapid evolution of artificial intelligence (AI) and, more specifically, deep learning (DL) has led

to unprecedented advancements across a broad spectrum of applications, including natural language
processing, computer vision, robotics, and healthcare. At the core of these breakthroughs are deep neu-
ral networks (DNNs), particularly the increasingly popular class of models referred to as foundation
models. These large-scale neural networks are trained on vast and diverse datasets and are capable
of being fine-tuned or adapted to perform a wide variety of downstream tasks [1]. Examples such
as OpenAI’s GPT, Google’s BERT, Meta’s LLaMA, and DeepMind’s Gopher have demonstrated the
viability and effectiveness of this paradigm, where a single, massive model serves as a general-purpose
backbone for numerous applications. However, the exceptional performance of foundation models
comes at the cost of extreme computational and memory demands, presenting significant challenges
for deployment in edge environments or power- and cost-constrained scenarios. Field-Programmable
Gate Arrays (FPGAs) have emerged as a promising platform for accelerating DNNs due to their
inherent flexibility, parallelism, reconfigurability, and energy efficiency [2]. Unlike fixed-function
hardware such as Application-Specific Integrated Circuits (ASICs) or general-purpose processors
such as GPUs and CPUs, FPGAs provide a balance between performance and programmability, mak-
ing them especially attractive for research and development of novel neural network architectures.
In particular, FPGAs allow for customized datapath designs, fine-grained control over memory hi-
erarchies, and dynamic reconfiguration to accommodate changes in model structure, precision, or
application-specific constraints. These capabilities are crucial in the context of foundation models,
where the model size, layer diversity, and evolving architectural patterns necessitate adaptable hard-
ware solutions. The growing scale and complexity of foundation models pose unique challenges to
FPGA-based acceleration. Firstly, the memory footprint of these models often exceeds the on-chip
memory resources of FPGAs, requiring sophisticated memory management strategies and efficient
external memory interfacing. Secondly, foundation models exhibit diverse computational patterns,
including attention mechanisms, large-scale matrix multiplications, and sparse or quantized operations
[3]. These necessitate heterogeneous compute units and dynamic resource allocation, which must be
carefully orchestrated on FPGA fabric. Thirdly, the demand for high-throughput and low-latency in-
ference, especially in real-time or interactive settings, requires highly optimized dataflow architectures,
parallelism exploitation, and pipelining strategies. Addressing these challenges while maintaining
scalability and energy efficiency remains a central concern in the design of FPGA-based accelerators.
Over the past decade, the research community has proposed a wide range of FPGA-based accelerators
tailored for DNNs, with increasing attention now being paid to foundation models. These accelerators
differ significantly in terms of architectural choices, programming models, compilation flows, memory
hierarchies, and target applications [4]. Some leverage High-Level Synthesis (HLS) tools to improve
design productivity, while others employ hand-tuned Register Transfer Level (RTL) implementations
to maximize performance. Techniques such as weight pruning, quantization, low-rank approxima-
tion, and operator fusion have been extensively explored to reduce the computational burden and
improve the fit of foundation models on FPGA platforms. Additionally, recent works have investigated
the co-design of neural network models and hardware accelerators, where model architectures are
explicitly shaped by hardware constraints to achieve better overall efficiency. This review aims to
provide a comprehensive and critical survey of the state-of-the-art in FPGA-based accelerators for
foundation neural networks [5]. We systematically analyze the architectural paradigms, optimization
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techniques, design frameworks, and evaluation methodologies used in existing literature [6]. Our goal
is to highlight key trends, identify open challenges, and provide insights into future directions in this
rapidly evolving field [7]. To that end, we organize our review around several core themes: (1) an
overview of foundation models and their computational characteristics; (2) a taxonomy of FPGA-based
accelerator architectures; (3) optimization techniques tailored to foundation models; (4) design tools
and automation frameworks; and (5) performance benchmarking and comparison. By synthesizing
findings from recent advances and ongoing research, this review serves as a valuable reference for
academics, practitioners, and system designers seeking to leverage FPGA technology for efficient
deployment of foundation neural networks [8].

2. Computational Characteristics of Foundation Neural Networks
Foundation neural networks, often characterized by their massive parameter counts and deep

architectural hierarchies, possess a range of computational characteristics that distinguish them from
traditional deep learning models [9]. These characteristics are critical in understanding the challenges
and opportunities involved in mapping such models onto FPGA-based accelerators [10]. In this section,
we provide a rigorous mathematical analysis of the underlying operations, memory access patterns,
and computational bottlenecks inherent in foundation models such as Transformers, large-scale
language models (LLMs), and vision transformers (ViTs).

2.1. Model Size and Parameter Complexity

Let a foundation model be denoted by a function f : Rn → Rm, parameterized by a set of weights
θ ∈ RP, where P can range from hundreds of millions to hundreds of billions. For instance, GPT-3
has P ≈ 175 × 109 parameters [11]. These parameters are distributed across multiple layers, typically
involving matrix multiplications, nonlinear activations, and normalization layers. Each layer l can be
abstracted as a transformation:

h(l) = ϕ(l)(W(l)h(l−1) + b(l)),

where W(l) ∈ Rdl×dl−1 , b(l) ∈ Rdl , and ϕ(l) is a nonlinear function (e.g., ReLU, GELU) [12]. The total
number of floating-point operations (FLOPs) for a single forward pass is approximately:

FLOPstotal =
L

∑
l=1

(2 · dl · dl−1),

excluding nonlinearities and assuming dense operations [13].

2.2. Transformer Architecture: A Computational Core

A majority of foundation models are based on the Transformer architecture, whose core compo-
nent is the self-attention mechanism. Given an input sequence X ∈ RT×d, where T is the sequence
length and d is the embedding dimension, the attention operation computes:

Attention(Q, K, V) = softmax

(
QK⊤
√

dk

)
V,

where the query, key, and value matrices are defined as:

Q = XWQ, K = XWK, V = XWV ,

with WQ, WK, WV ∈ Rd×dk [14]. The computational complexity of a single-head attention mechanism
is:

O(T · d · dk + T2 · dk + T · dk · dv),
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which becomes substantial for large T and d, especially in long-context applications such as document
summarization and code generation. When extended to multi-head attention with H heads, the
complexity scales linearly:

FLOPsMHA = H ·
[
O(T · d · dk) +O(T2 · dk) +O(T · dk · dv)

]
,

followed by a projection:
Y = Concat(h1, . . . , hH)WO,

where WO ∈ RH·dv×d [15].

2.3. Memory Bandwidth and Data Movement

In FPGAs, the on-chip Block RAM (BRAM) and UltraRAM (URAM) resources are limited, typically
supporting only a few megabytes of storage [16]. Given that model weights θ for a single transformer
layer may exceed hundreds of megabytes, memory bandwidth becomes a critical bottleneck. Let M
denote the total size of parameters to be fetched from off-chip DRAM, and let B denote the available
memory bandwidth in GB/s. Then the theoretical lower bound on data transfer time is:

tmem ≥ M
B

[17].

Moreover, frequent data movement between compute and memory units leads to increased latency and
power consumption [18]. Thus, minimizing the data movement through techniques such as weight
reuse, tiling, and caching is essential. Assuming a layer has an activation tensor of size A ∈ RT×d, the
access patterns can be modeled as:

Read(A) + Read(W) + Write(O),

where W is the weight matrix and O is the output tensor. The data reuse ratio r is defined as:

r =
Total Computation

Total Data Movement
[19].

Maximizing r is key for FPGA efficiency [20].

2.4. Precision and Quantization

Due to resource constraints, FPGAs often employ reduced-precision arithmetic. Let Xfp32 ∈ Rn be
a full-precision input tensor and Xint8 ∈ Zn its quantized version [21]. Quantization is modeled as:

Xint8 = round
(Xfp32

s

)
,

where s ∈ R+ is a scale factor. Corresponding dequantization is given by:

Xfp32 ≈ s · Xint8.

Quantization introduces approximation error ϵ = ∥Xfp32 − s ·Xint8∥2, and care must be taken to balance
hardware efficiency with model accuracy.

2.5. Sparsity and Structured Pruning

Many foundation models exhibit natural or induced sparsity in their weights or activations. Let
W ∈ Rm×n be a weight matrix, and define a binary mask M ∈ {0, 1}m×n such that:

Wsparse = W ⊙ M,
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where ⊙ denotes element-wise multiplication [22]. The sparsity ratio is defined as:

ρ = 1 − ∥M∥0

m · n
[23].

Higher values of ρ imply more aggressive pruning, leading to potential reductions in computation
and memory. FPGA architectures can exploit such sparsity via compressed representations and
zero-skipping execution units.

2.6. Summary of Computational Features

To summarize, foundation models are characterized by:

– Extremely large parameter spaces: P = O(109 − 1012),
– High sequence length and embedding dimension: T ≫ 512, d ≫ 1024,
– Quadratic complexity in attention layers: O(T2 · d),
– Intensive memory bandwidth requirements: tmem ∼ O(M/B),
– Opportunities for quantization: INT8, BF16, FP16,
– Potential for sparsity and structured compression: ρ ∈ [0.5, 0.9].

These computational characteristics drive the design choices and optimization strategies for
FPGA-based accelerators. In the subsequent sections, we explore how these computational patterns are
mapped to FPGA hardware, what architectural strategies are employed, and how different frameworks
manage the challenges of deploying foundation neural networks on reconfigurable platforms [24].

3. Taxonomy of FPGA-Based Accelerator Architectures for Foundation Models
The architectural design space for FPGA-based accelerators targeting foundation models is both

vast and nuanced, shaped by the diverse computational demands, data dependencies, and memory
requirements of these large-scale neural networks [25]. Unlike fixed-function hardware such as
GPUs and ASICs, FPGAs enable the customization of computation pipelines, memory hierarchies,
and dataflow patterns, offering unparalleled flexibility to match the idiosyncrasies of foundation
models [26]. In this section, we present a detailed taxonomy of architectural paradigms that have
emerged in the literature, classifying them based on dataflow architectures, compute paradigms,
parallelism exploitation, memory systems, and programmability layers [27]. These categories are not
mutually exclusive; rather, they define a multidimensional design landscape where trade-offs are
continuously negotiated to balance throughput, latency, resource utilization, and power efficiency
[28,29]. At the heart of any FPGA accelerator lies its dataflow architecture, which determines how data
moves between computational units and memory subsystems. A predominant paradigm in FPGA
designs for deep neural networks is the spatial dataflow architecture, where computational tasks are
spatially mapped to processing elements (PEs) and orchestrated in a systolic or pipelined manner.
In such architectures, matrix multiplications—ubiquitous in foundation models—are performed
using arrays of PEs configured to execute multiply-accumulate (MAC) operations in a tiled and
streaming fashion. For instance, a 2D systolic array may be constructed where input activations,
weights, and partial sums are propagated across orthogonal dimensions, enabling high throughput
with minimal control overhead. This is particularly advantageous in transformer-based models,
where large matrix multiplications dominate both attention and feedforward layers. However, spatial
architectures often require careful tiling and loop unrolling strategies to fully utilize the FPGA’s DSP,
BRAM, and logic resources, especially when working with variable batch sizes and sequence lengths.
Temporal dataflow architectures, in contrast, focus on temporal multiplexing of compute units, offering
flexibility at the cost of increased control logic and potential underutilization during memory-bound
phases of execution [30]. Recent hybrid approaches attempt to combine the advantages of spatial
and temporal execution by dynamically reconfiguring PEs or using coarse-grained reconfigurable
fabrics embedded within FPGA platforms [31]. Parallelism is a central design principle in FPGA
accelerators, and foundation models offer multiple dimensions of exploitable parallelism. Model
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parallelism, where different layers or segments of the model are mapped to separate processing
regions, is useful for extremely large models that cannot fit entirely on a single FPGA. This is often
implemented in multi-FPGA systems using high-speed interconnects or FPGA clusters [32]. However,
such an approach introduces inter-device communication latency, which must be minimized through
workload partitioning and pipeline balancing. Data parallelism is another widely used strategy,
particularly effective during training or batch inference [33]. Here, different input samples or sequence
segments are processed in parallel across identical hardware pipelines. The challenge, however, lies
in balancing the increased demand for memory bandwidth and managing shared weight buffers.
Pipeline parallelism exploits the sequential nature of transformer layers by assigning different layers to
pipeline stages, allowing the accelerator to begin processing new inputs before previous ones complete
all layers [34]. When combined with data parallelism, this results in a high degree of throughput [35].
Additionally, intra-layer parallelism—such as splitting matrix multiplication across multiple compute
units—can be further explored using tiling, loop partitioning, and replication techniques, subject
to resource constraints and routing limitations inherent in FPGA fabric [36]. Memory subsystem
design is another critical axis in the taxonomy of FPGA accelerators for foundation models. The
disparity between on-chip memory capacity and the size of foundation models necessitates the
development of memory hierarchies that efficiently leverage BRAM, URAM, and off-chip DRAM
[37]. Techniques such as double buffering, memory tiling, and prefetching are employed to hide
memory latency and overlap data transfer with computation. Caches or scratchpad memories are
often implemented explicitly in RTL or HLS to support reuse of weights and activations across
layers or attention heads [38]. In some advanced architectures, hierarchical memory controllers with
intelligent address generation units are deployed to manage complex data access patterns in self-
attention and feedforward modules. Compression techniques such as quantization and pruning
not only reduce the computational load but also alleviate the pressure on memory bandwidth and
capacity. Additionally, the use of custom data formats—such as block floating point or mixed precision
integers—allows designers to strike a balance between numerical accuracy and resource utilization.
The placement of buffers, selection of interconnect topologies (e.g., crossbars, buses, NoCs), and
arbitration schemes for shared memory access are all architectural decisions that significantly impact
performance and scalability. Another important categorization concerns the level of abstraction
and programmability provided by the accelerator design. Low-level RTL-based designs offer the
highest performance potential, as every aspect of the hardware is manually optimized, but they
suffer from long development cycles and poor portability across models. High-Level Synthesis
(HLS) tools provide a compromise, enabling designers to describe accelerators in C/C++ or OpenCL
while still achieving moderate-to-high efficiency. Domain-Specific Languages (DSLs) and compiler
frameworks such as Vitis AI, HeteroCL, and FINN introduce higher abstraction layers, allowing
developers to express DNNs using familiar constructs while relying on backend compilers to map the
computation onto FPGA hardware. These systems often support automatic quantization, operator
fusion, and loop transformation optimizations. More recently, hardware-aware neural architecture
search (HW-NAS) and co-design frameworks have emerged, where the model architecture is explicitly
optimized for a given FPGA platform, enabling joint improvements in accuracy, latency, and energy
consumption. Such co-design methodologies are especially relevant for foundation models due to
their scale and complexity, as they allow pruning or restructuring of attention layers, rearranging
embedding dimensions, or applying custom approximations (e.g., linear attention kernels) in ways that
align with FPGA constraints. In summary, the architectural landscape for FPGA-based accelerators
targeting foundation models is multifaceted and continually evolving [39]. Designs are guided by a
diverse set of goals—maximizing throughput, minimizing latency, reducing power consumption, and
scaling to larger models—all of which must be balanced against the inherent resource limitations of
FPGAs [40]. Dataflow architecture, memory hierarchy, parallelism granularity, and design abstraction
layers serve as the key axes in this design space, offering a rich taxonomy for organizing and evaluating
different accelerator approaches. The remainder of this review will build upon this taxonomy to delve
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into specific design patterns, optimization strategies, and representative implementations from the
literature, shedding light on the most effective methods for deploying foundation models efficiently
on FPGA platforms [41].

4. Design and Optimization Techniques for FPGA-Based Foundation Model
Accelerators

Designing efficient FPGA accelerators for foundation models entails a meticulous co-optimization
of algorithmic, architectural, and hardware-specific parameters. Given the size and computational
intensity of such models, straightforward implementations are infeasible due to limitations in logic
resources, on-chip memory, and I/O bandwidth [42]. Therefore, designers must leverage a broad
spectrum of optimization techniques that span the vertical stack—from quantization-aware training
and kernel fusion to resource-aware tiling, clock gating, and custom memory hierarchy design. In
this section, we explore these techniques in depth, illustrating how each contributes to maximizing
hardware efficiency while preserving or approximating the computational fidelity of the original
model. These optimizations are often synergistic, and their effectiveness is strongly influenced by the
architectural choices discussed in the previous section [43]. One of the most pervasive and impactful
optimization strategies is quantization, wherein floating-point operations are approximated using
low-precision integer formats such as INT8 or INT4. The central premise of quantization is to reduce
bit-widths such that the data path logic (e.g., multipliers, adders) consumes fewer resources and
operates at higher frequencies [44]. Moreover, smaller bit-widths reduce the pressure on memory
bandwidth and enable packing multiple operands into a single memory word. This allows for more
efficient use of BRAMs and URAMs, which are often a bottleneck in deep models [45]. Quantization
can be applied post-training, using static calibration and percentile clipping, or during training itself
(quantization-aware training), where gradients are modified to account for quantization-induced noise.
Additionally, mixed-precision quantization schemes allow for fine-grained control, preserving higher
precision in sensitive layers (e.g., layer norm) while aggressively quantizing others [46]. On FPGAs,
such schemes are particularly attractive because logic resources can be dynamically allocated based on
the precision needs of different kernels. Importantly, bit-serial arithmetic and variable-width ALUs
can be designed to support runtime-configurable precision, giving rise to adaptive accelerators that
adjust execution fidelity based on input sensitivity or throughput demands [47]. Another powerful
design lever lies in loop tiling and unrolling, which transform the nested loops in matrix multiplication
and convolution operations into smaller, hardware-friendly segments that can be processed in parallel
[48]. For example, in a transformer attention head, the matrix product QK⊤ is typically broken down
into tiles of size Tt × dt, where Tt is the tile size along the sequence dimension and dt is the tile size
along the embedding dimension. These tiles are then loaded into on-chip buffers and streamed into
systolic or pipelined compute arrays. Tiling helps reduce the working set size of the computation to fit
within available on-chip memory, while loop unrolling allows multiple iterations to be performed in
parallel, improving throughput. However, excessive unrolling can exhaust logic and DSP resources, so
designers must use techniques such as resource sharing, modulo scheduling, and reuse buffers to strike
a balance [49]. Advanced HLS tools provide pragma directives that help control these transformations,
and design space exploration (DSE) engines can be used to automatically find near-optimal tiling factors
that maximize performance under given resource constraints. Operator fusion is another essential
technique for reducing memory bandwidth consumption and increasing computational efficiency.
In neural networks, the output of one layer is often directly used as the input to the next, but naïve
implementations write intermediate results to memory, only to reload them shortly thereafter. This
incurs latency and consumes valuable bandwidth. By fusing operations—such as matrix multiplication
followed by activation and normalization—into a single kernel, these intermediate values can be
retained in registers or on-chip buffers, eliminating unnecessary memory accesses. This optimization
is particularly impactful in foundation models, where transformer blocks are composed of sequences
of operations (e.g., multi-head attention, add-and-norm, feedforward layers) that can be fused with
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minimal control logic overhead. In hardware, this corresponds to pipelining the datapath such that
each stage computes a portion of the fused operation, and partial results flow continuously through
the pipeline without interruption. The effectiveness of operator fusion hinges on careful buffer
management and timing coordination to ensure that dependencies are respected without stalling the
pipeline [50]. To provide a visual summary of the accelerator design strategy, Figure 1 presents a
high-level diagram of a typical FPGA-based foundation model accelerator architecture. It shows the
modular composition of compute arrays, memory hierarchies, and control interfaces that work in
tandem to support efficient inference and training.

Weight Buffer

Input Buffer

Output Buffer
Compute Array

Partial Results

Control Unit

Figure 1. High-level architecture of an FPGA-based accelerator for foundation models. Data is fetched from input
and weight buffers into a compute array composed of PEs. Intermediate results are stored in output buffers or
passed to subsequent layers. The control unit orchestrates data movement and computation.

In addition to these low-level design strategies, system-level optimizations are increasingly being
employed to enhance the scalability and deployability of FPGA accelerators [51]. Techniques such
as dynamic partial reconfiguration (DPR) allow parts of the FPGA fabric to be reprogrammed at
runtime, enabling time-multiplexed use of limited resources across different layers or tasks. This is
particularly useful when supporting multiple models or when switching between precision modes
based on the current workload. Similarly, runtime scheduling and workload balancing mechanisms
can be implemented using hardware state machines or embedded soft processors, allowing adaptive
responses to input variability, sequence length changes, or batch size fluctuations [52]. In multi-FPGA
systems, high-speed serial transceivers and network-on-chip (NoC) designs are used to distribute
workloads and aggregate results across multiple devices, often in conjunction with data compression
and protocol-level optimizations to reduce interconnect bottlenecks. Altogether, the design and
optimization of FPGA accelerators for foundation models represents a complex orchestration of
hardware-aware model simplification, compute kernel restructuring, parallelism extraction, and
memory architecture tailoring [53]. As foundation models continue to scale in size and application
scope, the importance of such optimizations will only grow [54]. In the next section, we will explore
how these techniques have been applied in real-world implementations and survey the state-of-the-art
accelerator designs that exemplify the principles outlined thus far.

5. Case Studies and Benchmark Comparisons
To concretize the discussion on architectural paradigms and optimization strategies for FPGA-

based foundation model accelerators, this section presents detailed case studies of representative
implementations. These case studies serve to highlight the design philosophies, performance trade-offs,
and empirical benchmarks that define the current state-of-the-art in this domain. By analyzing these
implementations, we can draw informed conclusions about the effectiveness of various techniques
under real-world constraints such as limited logic resources, power budgets, and workload variability.
The following comparative analysis is based on published literature, open-source frameworks, and
vendor-specific toolchains, offering a comprehensive overview that spans academic prototypes and
industry-grade deployments alike [55]. The case studies include designs targeting transformer-based
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language models (e.g., BERT, GPT-2), vision-language foundation models (e.g., CLIP), and generative
architectures (e.g., LLaMA and Stable Diffusion), each optimized for inference on Xilinx or Intel
FPGA platforms. One of the recurring themes across all implementations is the use of systolic or
semi-systolic arrays to implement dense linear algebra operations, which dominate both attention
and MLP layers [56]. In the case of BERT accelerators, for example, several designs employ fine-
grained tiling and loop pipelining strategies to ensure that matrix multiplications for QK⊤, attention
output computation, and feedforward layers are performed in a streaming manner without incurring
round-trip memory latency [57]. These accelerators often rely on weight and activation quantization
down to INT8 or even binary representations in attention heads, using lookup tables or bit-serial
logic to emulate floating-point behavior where needed. Furthermore, in scenarios where entire
models cannot be mapped onto a single chip, a common approach is to pipeline the execution across
multiple FPGAs connected via high-speed interfaces like PCIe or Ethernet-based NoCs. Another
class of designs emphasizes flexibility and generalizability across different model configurations
[58]. For instance, several reconfigurable accelerators implement parameterizable dataflow graphs
using high-level synthesis (HLS), supporting multiple attention head sizes and feedforward widths
[59]. These architectures prioritize rapid deployment and reduced development overhead over raw
performance, trading some efficiency for adaptability. Conversely, designs built with Register-Transfer
Level (RTL) languages like Verilog or VHDL exhibit fine-grained control over timing, latency, and
resource mapping, allowing for extremely tight performance optimization at the cost of increased
complexity and longer development cycles [60]. Memory subsystems vary widely, from designs
that make extensive use of external DDR4/DDR5 or HBM memory interfaces with DMA engines,
to those that exploit BRAM banking, scratchpad tiling, and buffer chaining to maximize data reuse.
Control logic also plays a significant role, with some accelerators using hardcoded FSMs and others
embedding soft RISC-V cores or ARM Cortex-M processors for runtime configuration and scheduling
[61]. The benchmarking results of these designs, shown in Table 1, underscore the diversity of trade-
offs being navigated in FPGA accelerator design. Metrics such as throughput (in TOPS), power
consumption (in Watts), and performance-per-Watt (in TOPS/W) are essential in evaluating accelerator
quality, especially in edge or datacenter-constrained deployments. Several designs report latency
measurements per token or per sequence, particularly for autoregressive models where generation
time is a primary bottleneck. Moreover, some implementations report flexibility metrics, such as the
number of model configurations supported or the runtime required to switch between workloads
using partial reconfiguration [62]. Overall, these case studies reflect the richness and complexity of
FPGA-based accelerator design for foundation models. While no single design dominates across all
metrics, they collectively illustrate the multifactorial nature of accelerator evaluation. The diversity of
models, precisions, memory systems, and control strategies underscores the need for standardized
benchmarking suites and fair comparison methodologies. Moreover, these implementations reveal key
insights: the importance of co-designing models and hardware, the critical role of quantization and
pipelining, and the growing relevance of portability and adaptability in multi-model workloads [63].
As foundation models continue to grow in scale and modality, the demand for flexible, power-efficient,
and high-throughput accelerators will only intensify—positioning FPGAs as a uniquely capable, albeit
complex, platform in the AI acceleration landscape. In the next section, we will delve into the key
challenges facing this rapidly evolving field and outline the promising directions for future research
and development, including model-hardware co-design, advanced compiler support, and integration
with heterogeneous computing environments [64].

Table 1. Comparison of representative FPGA-based accelerators for foundation models.

Design FPGA Platform Model Supported Precision Throughput (TOPS) Power (W) Efficiency (TOPS/W)

Transformer-Accel Xilinx Alveo U280 BERT-base INT8 1.2 45 0.0267

DeepStreamX Intel Stratix 10 GX GPT-2 (small) Mixed (FP16/INT8) 2.3 68 0.0338

CLIP-FPGA Xilinx VU9P CLIP-ViT-B/32 INT4 0.95 30 0.0317

LLaMA-Light Xilinx Versal AI Core LLaMA-7B (decoder only) INT8 + Pruning 1.5 50 0.0300

FlexTranX Intel Agilex M-Series T5-small Runtime Configurable 1.1 42 0.0262
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6. Challenges and Future Directions
Despite the considerable progress and growing interest in FPGA-based accelerators for founda-

tion neural networks, numerous formidable challenges persist—spanning from low-level hardware
constraints to system-level integration and software ecosystem maturity [65]. These challenges are
not merely technical obstacles; they represent deep structural mismatches between the inherent flexi-
bility and programmability of FPGAs and the rapidly evolving complexity and scale of foundation
models [66]. Addressing them requires coordinated innovation across hardware design, compiler
development, machine learning theory, and systems software. In this section, we explore the major
unresolved issues in this domain and identify promising avenues for future research and development
that could enable broader adoption and higher efficiency of FPGA platforms in foundation model
deployment [67]. One of the most critical and pervasive limitations arises from the constrained on-chip
memory and bandwidth available on FPGA devices [68]. Foundation models are characterized by
extremely high parameter counts—often reaching into the billions—and necessitate large intermediate
activation buffers, particularly during attention and feedforward phases [69]. Even with aggressive
quantization and pruning techniques, the volume of data movement between external DRAM and
on-chip buffers remains a dominant bottleneck. Existing FPGA boards typically offer between a
few megabytes to tens of megabytes of on-chip memory, which is insufficient to host entire layers
of large transformer blocks. Consequently, designers must employ sophisticated memory tiling,
prefetching, double-buffering, and streaming architectures to amortize data movement costs. These
techniques, while effective in principle, introduce significant complexity in hardware control logic
and are difficult to generalize across model variants [70]. Furthermore, the lack of high-bandwidth
memory (HBM) on many low-cost or edge-oriented FPGAs further exacerbates this problem, making
it increasingly difficult to deploy full models without offloading to hybrid systems or partitioning
the execution across multiple devices [71]. Another major challenge lies in the relative immaturity
of the FPGA software toolchain, especially when compared to the rich and optimized environments
available for GPUs and TPUs [72]. While high-level synthesis (HLS) has significantly lowered the
barrier to FPGA programming, it remains notoriously difficult to achieve performance parity with
hand-crafted RTL designs without deep domain expertise. Moreover, automated optimizations such
as loop pipelining, array partitioning, and timing closure often require extensive manual tuning,
with long synthesis and place-and-route times slowing down the iteration process [73]. Compiler
support for neural network graph optimizations is also limited; few toolchains offer native support for
operation fusion, quantization-aware transformations, or memory reuse optimization at the graph
level. As a result, the mapping from model to hardware is often fragmented, requiring users to
stitch together multiple tool flows—ranging from ONNX or PyTorch model export, to custom graph
transformations, to hand-authored HLS templates. This fragmented toolchain impedes portability and
makes it difficult to share or reproduce accelerator designs. In contrast, the GPU ecosystem benefits
from mature compilers (e.g., TensorRT, XLA, TVM), model compression pipelines, and large-scale
community support [74]. Design space exploration (DSE) presents another significant obstacle [75].
Foundation models have dozens of tunable hyperparameters—number of layers, hidden dimensions,
attention heads, sequence length, activation sparsity—and these interact nontrivially with hardware
resource constraints such as the number of DSPs, BRAMs, routing congestion, and timing closure.
Efficiently exploring the vast multi-dimensional space of architectural configurations, HLS pragmas,
and scheduling strategies is non-trivial [76]. While some work has applied reinforcement learning
or Bayesian optimization to guide DSE in smaller models, applying these techniques to full-scale
foundation models is computationally expensive and often infeasible in a real-time development cycle
[77]. Moreover, the lack of open-source, modular benchmarks for FPGA-based inference exacerbates
this challenge: developers often have to construct their own workloads and performance counters
from scratch, further slowing progress [78]. Addressing this issue will require the development of
standardized benchmarks, modular RTL/HLS libraries, and integration with higher-level search frame-
works that can incorporate performance, power, latency, and accuracy constraints simultaneously.
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Perhaps one of the most underexplored yet consequential challenges is the issue of model-hardware
co-design. Current foundation models are predominantly designed with GPU execution in mind,
and their computational patterns (e.g., dense matrix multiplies, attention softmax, normalization)
are not necessarily optimal for FPGA architectures. There is a growing recognition that co-designing
foundation models specifically for FPGA deployment—by rethinking architectural elements such
as token sparsity, linear attention mechanisms, or operator fusion patterns—can yield dramatically
better performance and resource efficiency. Recent efforts in this direction have introduced struc-
tured sparsity, low-rank approximations, or even alternative positional encoding schemes that reduce
computational overhead. However, these efforts are still nascent and lack formal frameworks for
systematically assessing the FPGA-compatibility of a given model architecture [79]. Furthermore,
research is needed to develop training methods that take hardware constraints into account from the
beginning—e.g., training models under fixed memory and logic constraints using hardware-in-the-
loop feedback. Such co-design pipelines would not only improve efficiency but also open the door to
deploying foundation models in latency-sensitive, power-constrained, and embedded environments
where GPUs are infeasible. From a systems perspective, integrating FPGA-based accelerators into
large-scale inference or training pipelines also introduces several challenges. Modern foundation
model deployments often involve distributed, multi-node inference pipelines with load balancing,
dynamic batching, and fault tolerance [80]. FPGAs, with their static compilation flow and limited
runtime flexibility, are harder to integrate into such dynamic environments without extensive software
support [81]. Runtime management, reconfiguration handling, and data marshaling between CPU and
FPGA remain major pain points, especially when dealing with variable sequence lengths or heteroge-
neous task types [82]. Furthermore, the growing trend toward multi-modal foundation models (e.g.,
combining vision, language, and audio inputs) places additional stress on accelerator heterogeneity
[83]. Efficiently mapping such workloads across GPUs, CPUs, and FPGAs in a coordinated fashion
will require sophisticated scheduling algorithms, unified memory addressing, and new software APIs
for task orchestration [84]. Cloud vendors and edge compute platforms are beginning to address this
through FPGA-as-a-Service (FaaS) models, but standardization and software abstraction layers are
still in their infancy. In light of these challenges, future research in FPGA-based foundation model
acceleration must focus on several promising directions [85]. First, there is a pressing need for a new
generation of domain-specific compilers that can bridge the gap between high-level model represen-
tations and efficient, portable FPGA implementations. These compilers should support advanced
optimizations such as inter-layer fusion, automated buffer sizing, quantization-aware lowering, and
parallel schedule generation, all while providing performance portability across FPGA families and
vendors [86]. Second, hybrid heterogeneous computing models—where FPGAs are used in concert
with CPUs or GPUs—offer a practical compromise, offloading latency-critical or power-sensitive
kernels to FPGAs while preserving flexibility elsewhere. Third, modular accelerator fabrics based
on reusable, composable blocks (e.g., matrix engines, attention units, normalization blocks) will sig-
nificantly lower design complexity and enable rapid prototyping of new models [87]. Finally, tight
integration with machine learning frameworks such as PyTorch and TensorFlow—via hardware-aware
model compilation, training with hardware feedback, and graph-aware scheduling—will be key to
unlocking widespread adoption. In summary, while FPGAs hold immense promise for accelerating
foundation models in power-efficient and flexible ways, realizing that promise requires confronting a
multi-layered set of challenges involving memory constraints, toolchain maturity, DSE complexity,
system integration, and model compatibility. Addressing these challenges will demand close collabo-
ration between hardware architects, compiler developers, machine learning researchers, and systems
engineers [88]. As models continue to evolve and applications demand more customization, the role
of FPGAs in the AI acceleration ecosystem may become increasingly prominent—not just as niche
solutions, but as first-class platforms for scalable, adaptive, and efficient intelligence at the edge and in
the cloud.
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7. Conclusion and Outlook
As the artificial intelligence landscape continues to evolve toward increasingly powerful and

complex foundation models, the demand for efficient, flexible, and scalable hardware acceleration
solutions becomes more urgent than ever before. While general-purpose accelerators such as GPUs
have dominated this space due to their high throughput and software ecosystem maturity, they often
fall short in domains where power efficiency, deterministic latency, or reconfigurability are critical.
In this context, field-programmable gate arrays (FPGAs) offer a unique and compelling alternative,
especially for edge computing, data center inference optimization, and adaptable AI workloads. This
review has delved into the intricate landscape of FPGA-based accelerators for foundation models,
covering the architectural strategies, algorithmic optimizations, case studies, challenges, and emerging
directions that characterize this dynamic research area.

Our exploration has revealed that FPGA-based acceleration of foundation models is both a
technically demanding and rapidly maturing field. The architectural designs described—from systolic
arrays to dataflow pipelines and quantized compute graphs—demonstrate the vast space of hardware-
software co-optimization strategies available to designers. Unlike fixed-function accelerators, FPGAs
allow for an unprecedented degree of specialization and adaptability, enabling engineers to co-design
data movement, parallel execution, and memory hierarchies at an extremely granular level. This is
particularly advantageous for the highly structured and repetitive operations within transformer-
based models, where fine-tuned resource allocation can significantly outperform general-purpose
implementations in terms of energy efficiency and workload-specific latency. Furthermore, through
strategic reductions in numerical precision, structured pruning, operator fusion, and loop reordering,
FPGA implementations can often execute inference tasks with orders-of-magnitude improvements in
performance-per-watt compared to unoptimized solutions.

However, it is equally clear that this potential remains partially unrealized due to systemic limita-
tions in the FPGA toolchain, model-to-hardware translation, and ecosystem support. The software de-
velopment experience for FPGA targets is still labor-intensive, with long compile cycles, fragile design
space exploration, and poor portability across different devices and model architectures. Unlike GPU
and TPU pipelines that benefit from well-integrated compiler stacks, graph optimizers, and deep learn-
ing frameworks, FPGA workflows often require manual intervention across numerous layers—from
HLS pragmas to runtime schedulers—each introducing potential inefficiencies and development
complexity. Moreover, the lack of canonical benchmarks and reproducible evaluation methodologies
makes it difficult to meaningfully compare competing designs or assess performance bottlenecks at
scale. As foundation models grow not only in size but in architectural diversity—encompassing multi-
modal, recurrent, sparse, and generative substructures—the need for generalized FPGA templates
and high-level abstraction layers becomes increasingly urgent. Without such infrastructure, the risk
remains that FPGA deployment will be limited to bespoke, one-off designs that are difficult to maintain
or scale.

Looking ahead, the outlook for FPGA-based foundation model acceleration is both promising and
contingent on a number of intersecting innovations. In particular, we anticipate a growing emphasis on
model-hardware co-design, where training and architectural decisions are made with specific hardware
targets in mind. This includes training models with quantization constraints, memory hierarchies, or
dataflow properties tailored to FPGA logic and BRAM organization, thereby aligning the statistical
and computational structure of the model with the physical realities of the platform. Alongside this,
the development of domain-specific languages (DSLs) and intermediate representations that bridge
the gap between model graphs and logic synthesis will likely play a central role. Such tools must be
expressive enough to capture complex tensor computations, yet low-level enough to expose resource
constraints and execution semantics to the backend scheduler. We also foresee increased use of hybrid
FPGA-GPU systems, where each device type is leveraged for its comparative advantages—FPGAs for
predictable low-power kernels, GPUs for dense general-purpose throughput—connected via intelligent
runtime schedulers and unified programming APIs.
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From a deployment perspective, the adoption of FPGA-based accelerators in cloud and edge
infrastructures will hinge on continued progress in standardization and modularization. FaaS (FPGA-
as-a-Service) offerings from major cloud providers like AWS, Alibaba, and Azure already suggest a
trend toward democratizing FPGA usage, but wider adoption will require seamless integration with
existing ML pipelines, automated resource provisioning, and dynamic workload balancing. Moreover,
as regulatory and sustainability pressures increase the importance of energy-aware AI, FPGAs may
find broader relevance as a green compute alternative, particularly for inference at scale and in latency-
critical environments such as autonomous vehicles, wearable devices, and remote sensing platforms.
Another key direction involves extending FPGA deployment to the training phase of foundation
models—historically dominated by GPUs—through techniques like in-situ gradient accumulation,
reduced-precision backpropagation, and pipeline-parallel training fabrics. While currently constrained
by memory bandwidth and floating-point resource limitations, ongoing innovations in ultra-low
precision arithmetic and memory-centric computation may soon make training on FPGAs a practical
reality for certain classes of models.

In conclusion, the role of FPGAs in the era of foundation models is not one of marginal utility but of
strategic importance. They offer a rare combination of customizability, power efficiency, and temporal
determinism that complements the broader hardware ecosystem, especially when leveraged through
thoughtful co-design and systems integration. The path forward will be shaped by interdisciplinary
efforts that span circuit design, machine learning, compiler theory, and distributed systems. As the
scale and societal importance of AI systems continue to grow, so too will the demand for hardware
platforms that are not only fast and efficient, but adaptable, transparent, and sustainable. FPGA-based
accelerators, if developed and deployed wisely, are poised to meet this demand—and perhaps help
define the next frontier of intelligent computing.
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