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ABSTRACT

The rapidly-changing deep learning landscape presents a unique op-

portunity for building inference accelerators optimized for specific

datacenter-scaleworkloads.WeproposeFull-stackAccelerator Search

Technique (FAST), a hardware accelerator search framework that

defines a broad optimization environment covering key design deci-

sions within the hardware-software stack, including hardware data-

path, software scheduling, and compiler passes such as operation fu-

sionandtensorpadding. In thispaper,weanalyzebottlenecks instate-

of-the-art vision and natural language processing (NLP) models, in-

cluding EfficientNet [91] and BERT [19], and use FAST to design ac-

celerators capable of addressing these bottlenecks. FAST-generated

accelerators optimized for single workloads improve Perf/TDP by

3.7× on average across all benchmarks compared to TPU-v3. A FAST-

generated accelerator optimized for serving a suite of workloads im-

provesPerf/TDPby2.4×onaverage compared toTPU-v3.Our return

on investment analysis shows that FAST-generated accelerators can

potentially be practical for moderate-sized datacenter deployments.
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·Hardware→Electronic design automation; ·Computer sys-
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1 INTRODUCTION

Thedeep learning landscape is constantly evolving.Neural networks

nowadays may serve millions or even billions of daily users. Exam-

ples include language and image processing models that are used in

search engines [66] and social networks [31]. The increasing appli-

cation of deep learning across different industries suggests that this

large-scale adoption trend will only continue to grow. Therefore,

we see a potential opportunity for building inference accelerators

optimized for specific datacenter-scale workloads.

Enabling automatic hardware optimization requires a search

space definition encompassing beyond simple hardware accelerator

families such as those used in prior work [18, 41, 59, 79, 86, 93, 101,

103, 112]. Hardware accelerator architectures can be described in

terms of their datapath and schedule, where the datapath comprises

the hardware components (compute units, scratchpad memories,

connectivity, etc.) on which neural network operations are run, and

the schedule comprises the compiler scheduling and hardware con-

trol logic that maps these operations onto the datapath. Common

datapath designs use grids of processing elements (PEs), including

scalar [14, 59, 79, 86, 101], vector [84, 93, 103, 104, 112], or matrix

[39] compute units. In addition, many compiler optimization passes

have major performance impact on production accelerators [113]

and should be included in the search space.

We therefore propose FAST, a Full-stack Accelerator Search Tech-

nique that takes one or more neural networks as input, jointly opti-

mizes key decisions within the hardware-software stack including

compiler decisions, and outputs an optimized inference accelerator

for the input (see Figure 1). FAST can optimize for desired objec-

tives such as performance measured in inference queries per second

(QPS) or performance per Total Cost of Ownership (TCO), a key opti-

mization metric for designing datacenter accelerators [39]. Unfortu-

nately, TCO is highly sensitive proprietary information; we instead

evaluate performance per Thermal Design Power (TDP), known

to highly correlate with Perf/TCO [37]. Our ROI analysis suggests

FAST-generated accelerators can be practical for even moderate-

sized datacenter deployments, potentially enabling accelerators op-

timized for single workloads.

Deep learning models are changing rapidly, necessitating similar

rapid changes to accelerator architecture designs. State-of-the-art

productionmodels, such as EfficientNet [91] (an image classification

model that uses depth-wise separable convolutions) and BERT [19]

(a language model that uses the attention mechanism), introduce a

This work is licensed under a Creative Commons Attribution 4.0 Interna-

tional License.
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Figure 1: Full Stack Accelerator Search Technique overview.

new set of computational and memory bottlenecks that previously

did not exist. Due to the production impact of these models, we fo-

cus on their performance characterization in Section 4. Our analysis

demonstrates that EfficientNet has poor operation intensity and

efficiently mapping its depth-wise separable convolutions to exist-

ing hardware is challenging. We also describe BERT attention layer

inefficiencies, and show that the attention layer becomes a substan-

tial portion of total execution time as the model’s sequence length

increases. By designing our search space such that our identified

bottlenecks can be properly addressed, we are able to achieve signif-

icantly higher Perf/TDP improvements relative to prior work not

only on EfficientNet and BERT, but also on older models such as

ResNet-50 [32]. Figure 2 shows the performance of FAST on Effi-

cientNets with scheduling-only updates applied to a fixed hardware

configuration, with even larger speedups possible when running full

SW/HW co-optimization for each model.

Comprehensively addressing our identified bottlenecks requires

a large search space O(102300) with parameters defining the hard-

ware datapath, software scheduling, and compiler passes such as

operation fusion and tensor padding (see Section 5.3). We extend

FAST’s datapath template to be an approximate superset of existing

accelerator families capable of expressing scalar, vector, and matrix

processing elementswith a versatilememory hierarchy search space.

Our datapath template also includes a TPU-like vector processing

unit (VPU) [38] within the PEs which enables efficient execution of

a wide range of vector ops, such as exponential and reduction ops,

required for workloads such as BERT. We also discovered that a key

limitationof priorwork is the inability to generatehigh-performance

accelerators for workloads with low operational intensity, such as

EfficientNet. To address this, we devised a flexible and general inte-

ger linear programming (ILP)-based op fusion technique called FAST

fusion which can determine the best set of activation and weight

tensors to move from DRAM into on-chip scratchpads to maximize

overall performance. FAST fusion enables our search tool to unlock

significant speedups that are otherwise impossible due to memory

bandwidth bottlenecks (see Section 6.2.7) by allowing our search tool

to increase scratchpad space to improve fusion efficiency and reduce

memory traffic, resulting in high-performance and well-balanced

designs (see Table 5). FAST also considers various optimizations in-

cluding tensor padding and a new softmax computation approach

to the search space, which reduces the memory bottleneck at the

expense of additional compute (see Section 5.6).

A flexible simulator is key to evaluating full-stack accelerator

performance for a given neural network. We describe our fast and

accurate simulation platform capable of modeling a wide range of

Figure 2: FAST-Large (seeTable 5) inference step timevs. Ima-

geNet top-1 accuracy running the EfficientNet model family.

Faster hardware accelerators can run larger, more accurate

modelswith the same latency budget, or significantly reduce

inference latencyand throughput givenafixedaccuracybud-

get. FAST does not affect model accuracy; quantization can

bring further gains but is outside the scope of this paper.

hardware datapaths and schedules on unmodified XLA HLO graphs

by leveraging Timeloop [68] and addressing its key limitations as

discussed in Section 6.1. Our simulator also contains an analytical

power and area model correlated to production designs on an indus-

try sub-10nm process.

In summary, our contributions are as follows:

• Wepropose FAST, an automated framework for jointly optimizing

hardware datapath, software schedule, and compiler passes, with

a combined search space of up to O(102300) to design optimized

inference accelerators for one or a set of input neural networks.

• Weperform detailed performance characterization of state-of-the-

art ML models, identify their bottlenecks, and propose several

optimizations to address these bottlenecks.

• Wepropose a FAST fusion, a novel andflexible ILP-based op fusion

technique, enabling FAST to fully address memory bottlenecks in

low operational intensity workloads.

• We analyze the relationship between ROI, number of deployed

hardware, and the Perf/TDP of accelerators to provide guidelines

on exploring trade-offs between specialization and performance

in future accelerators. Our ROI analysis demonstrates that FAST-

generated inference accelerators can potentially be practical for

even moderate-sized datacenter deployments (Section 6.2).

• We evaluate FAST on a comprehensive set of models, including

the EfficientNet family [91], BERT [19], ResNet50v2 [32] and pro-

duction OCRworkloads [74].

• FAST’s custom designs demonstrate an average of 3.7× Perf/TDP

improvement across all the benchmarks when compared against

TPU-v3, including a 6.4× and 2.7× improvement for EfficientNet

and BERT respectively.

• FAST’s general-purpose designs optimized for serving a set of

important vision and NLP benchmarks show an average of 2.4×

improvement in Perf/TDP vs. TPU-v3.

2 RELATEDWORK

Accelerator design space exploration: Hardware ML accelera-

tors can be described in terms of their hardware datapath and soft-

ware schedule. Datapath designs often use grids of uniform pro-

cessing elements comprised of scalar [14, 18, 59, 79, 86, 101], vector

[84, 93, 103, 104, 112], or matrix [39] compute units. Previous work
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focuses on optimizing families of accelerator designs with scalar

or vector PEs and fixed memory hierarchies by mutating datapath

hyperparameters, such as the number of PEs and buffer capacities

[18, 41, 59, 79, 86, 93, 101, 103, 112], as well as the mapping of convo-

lutions onto the datapath [18, 33, 41, 42, 52, 79, 86, 93, 101].

As described in Section 5.4, our datapath template is designed to

be an approximate superset of popular designs capable of expressing

scalar, vector, and matrix processing elements with varying mem-

ory hierarchies beyond variations on accelerator families. Our PEs

containing both vector and systolic units share similarity to hetero-

geneous PE designs such as Plasticine [71]. Our search space also

includes scheduling and other compiler optimizations, such as op

fusion and tensor padding, enabling us to cover a much broader

set of architectures. We also optimize for state-of-the-art models

including EfficientNet and BERT, and demonstrate that our large

co-optimization space allows for significant improvements over ex-

isting datacenter accelerators.

A flexible scheduler is key to evaluating accelerator performance

for a given neural network. Timeloop [68] andMAESTRO [47] use

random search to optimize accelerator schedules given a datapath

and layer definition. However, they only evaluate single layers and

only consider convolution operation performance, thereby limiting

utility for end-to-end performance evaluation and optimization (e.g.,

operator fusion, parameter prefetching). Compared to Timeloop, the

MAESTRO datapath design space is more restrictive, assuming only

NVDLA accelerator variants with private L1 and global L2 scratch-

pads, and can only fuse ReLU and pooling operations. Interstellar

[101] uses Halide [77], a domain-specific programming language, to

generate and analyze inference accelerators. Although Interstellar

can performmany blocking and spatial optimizations, its datapath

search space is limited to grids of scalar PEs and reduction trees with

global buffers. dMazeRunner [18] optimizes only convolution and

FC layers with a pruned search of the schedule space. ZigZag [64]

has a flexible datapath design space, and can performheuristic-based

schedule search targeting a scalar PE architecture, but does not per-

form fusion.We use Timeloopwhile addressing its limitations in our

simulator, as described in Section 6.1. Our comprehensive search

space led to significantly larger speedups compared to prior work;

for example, MAGNet’s reported best result [93] only improved Per-

f/W by 1.75x (43% energy reduction) compared to our best reported

result of 6x Perf/TDP. To the best of our knowledge, FAST is also the

first to optimize designs across multiple workloads.

Recent work such as ASIC Clouds [62, 99] has used design space

exploration to optimize directly for datacenter total cost of owner-

ship in the context of bitcoinmining, video transcoding, andmachine

learning accelerators. FAST extends this by considering return-on-

investment (ROI) and using ROI to demonstrate production feasibil-

ity of FAST-generated designs.

Accelerator search on Reconfigurable Hardware: Several re-

cent efforts have targeted the acceleration of neural networks on

reconfigurable hardware including FPGAs and spatial arrays, which

unlike ASICs enable flexible hardware reconfiguration. These prior

works primarily focused on automation tools and design space ex-

ploration for one particular neural network [7, 30, 61, 71, 75, 85, 88,

96, 105, 106, 108ś110]. However, the flexibility of FPGAs comes at

the cost of reduced performance and higher energy consumption

[46]. Unlike prior work, our framework enables the exploration of a

broad range of datapaths, schedule, and fusion. We believe it would

be simple to adapt our work to target reconfigurable hardware.

Co-optimization of neural networks and hardware:More re-

cently, co-optimizing neural networks and accelerators has gained

significant attention [4, 30, 36, 54ś56, 100, 112]. The design space

contains both the neural network architecture and hardware compo-

nents, while jointly optimizing for both accuracy and performance.

While our framework does not currently allowmodifications to the

model architecture, it would be straightforward to extend. However,

even without model changes, FAST already delivers significantly

higher performance than previous work through the larger search

space covering datapath, schedule, and fusion.

Operation fusion:We also developed FAST fusion, an efficient ILP-

based multi-layer fusion technique for inference which significantly

improves memory bandwidth usage efficiency and thus inference

execution time. Most production compilers such as cuDNN [2] can

only fuse simple pre-defined templates such as Conv2D+Bias+Add.

Although XLA [27] can create large fusions, each XLA-generated

HLO fusion region contains at most one matrix operation (Conv2D,

einsum, matmul, etc). There is also a growing body of work on more

elaborate fusion [7, 11, 43, 60, 80, 111, 113]. [5] presents an RL-based

approach for op fusion for training. [95] designs a framework for

efficiently utilizing FPGA on-chip memory. FAST fusion is a sec-

ondary pass that fuses existing XLA-generated HLO fusion regions

by assigning intermediate tensors from DRAM to on-chip SRAM.

Compared to prior approaches, FAST fusion considers weight ten-

sor pinning as part of the fusion problem, and uses ILP to directly

minimize total execution time asmodeled through simulation rather

than indirect metrics such as total memory accesses.

3 BACKGROUND

3.1 Mapping Convolutions onto Accelerators

Since convolutions dominate the overall runtime in convolutional

neural networks (CNNs), considerable effort has been expended on

software [49] and hardware [14, 20] acceleration of these operations.

A standard Conv2D can be represented as a 7-dimensional nested

loop over batch size (B), output tensor height and width (OH,OW ),

number of input and output features (IF, OF ), and kernel height and

width (KH, KW ). Since these loop iterations are commutative, com-

pilers can freely modify loop traversal order, allowing for arbitrary

transformations in tensor layout format, loop blocking, and spatial

vectorization [47, 68]. Recent work has exploited these properties

to build efficient high-performance accelerators [41, 86, 101].

Systolic arrays combine parallel operations with local communi-

cation, making themwell-suited for matrix computations [45]. To

multiply two matrices, one matrix is latched into internal registers,

while the other is streamed through the array. Double-buffering is

typically employed to mask the latency of latching a new set of pa-

rameters into the systolic array [39] Accelerators such as Google’s

TPU family [38] exploit the dense compute enabled by systolic ar-

rays to accelerate training and inference. Under aweight stationary

mapping [17], the systolic array will not be fully utilized unless IF,

OF, and B are multiples of the dimensions of the systolic array. Alter-

native mappings, such as output stationary and row stationary [14],

may achieve higher utilization by selecting alternative dimensions to

be spatially unrolled, but are still limited by dimensional constraints.
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Therefore, although larger systolic arrays improve area-density and

power-efficiency per FLOP, they tend to have lower utilization. Each

workload has different problem shapes, thus having different opti-

mal systolic array dimensions which can be found through FAST.

3.2 EfficientNet Overview

Convolutionalneuralnetworks (CNNs)areoftenover-parameterized

[29, 35]. A popular method for reducing model size and compute

cost is replacing Conv2Dwith a depthwise-separable convolution: a

depthwise convolution combinedwith a 1x1 point-wise convolution

[15, 82, 90]. For example, a 3x3 depthwise-separable convolution

uses 8-9x less compute than a standard Conv2Dwith only a slight

reduction in accuracy [34]. EfficientNet [91], a CNN based on in-

verted residual (MBConv) [82] blocks, demonstrated that depthwise-

separable convolutions were viable outside of compute and storage-

constrained settings. However, depthwise-separable convolutions

do not mapwell onto TPUs due to poor systolic array utilization and

operational intensity. Depthwise convolutions allow significant pa-

rameter and compute reduction by reducingkernel filter depth (IF ) to

1, but number of FLOPS is not an accurate proxy for performance on

state-of-the-art accelerators such as Google TPUs or NVIDIA GPUs

[13]. Commonmappings unfortunately depend on large IF for good

utilization. For example, assuming a depthwise convolution with a

3x3 kernel, maximum utilization for a 128x128 systolic array is only

𝐾𝐻 ∗ 𝐾𝑊 = 9 out of 128. To address this, EfficientNet-X replaces

some depthwise-separable convolutions with Conv2Ds to improve

accuracy and latency [53]. However, the poor performance of depth-

wise convolutions remains a challenge. As shown in Table 5, FAST

optimized for EfficientNet automatically generates hardware with

smaller systolic arrays, improved scheduling, and reduced memory

bottlenecks, enabling EfficientNet inference at high efficiency.

3.3 BERTOverview

Transformer-based models outperform traditional recurrent neural

networks (RNNs) and long short-termmemory networks (LSTMs)

on natural language processing tasks by replacing sequential com-

putation with the self-attention mechanism [92]. BERT [19] is a

Transformer-based model that achieves state-of-the-art results on

both word-level and sentence-level tasks, and is the inspiration for

a number of NLP models, including XLNet[102], GPT-2 [76], GPT-3

[12], ALBERT [48], and RoBERTa [57].

BERT is composed of multiple transformer encoder layers, where

each layer consists of a self-attention layer, softmax operation, feed-

forward layer, residual connection, and layer normalization. An im-

portant hyperparameter is the sequence length, which controls the

size of the input token sequence. Increasing sequence length gener-

ally improves task accuracy at the cost of computation,with someop-

erations scaling more efficiently than others, as discussed in Section

4.3. Although most operations are matrix-matrix multiplications,

vector operations such as softmax and layernorm cannot be ignored.

4 WORKLOADPERFORMANCEANALYSIS

In the following section, we analyze various contributing factors

to EfficientNet and BERT performance on TPU-v3. We first charac-

terize EfficientNet and BERT in terms of operational intensity and

discuss the impact of op fusion. We then analyze the implications

Table 1: EfficientNet on-chip storage requirements (bfloat16).

Working set sizes are shown for the opwith the largestmem-

ory footprint at batch size 1. The storage requirements of

largerEfficientNets exceedon-chipmemory capacity, requir-

ingmore advanced op fusion techniques.

Model MaxWorking Set Weights

EfficientNet-B0 2.87 MiB 12.7 MiB

EfficientNet-B1 3.3 MiB 22.1 MiB

EfficientNet-B2 3.9 MiB 26.1 MiB

EfficientNet-B3 5.1 MiB 36.8 MiB

EfficientNet-B4 12.4 MiB 61.4 MiB

EfficientNet-B5 17.8 MiB 101 MiB

EfficientNet-B6 31.9 MiB 146 MiB

EfficientNet-B7 41.2 MiB 231 MiB

of TPU-v3 architecture and compute scheduling strategy on Effi-

cientNet. Finally, we examine BERT performance as a function of

sequence length. These characterizations motivated us to build a

comprehensive hardware and software search space for FAST able

to deliver significant performance improvements.

4.1 Operational Intensity and Op Fusion

MLmodel graphs are executed on accelerators as a series of kernels,

or operations, where each op reads its inputs from device memory

(DRAM), transfers these inputs to on-chip memory, performs the

computation, and writes the output back to DRAM. This results in

unnecessary DRAM reads and writes for intermediate values which

are usually performed in parallel with computation, but may cause

slowdowns with insufficient bandwidth. To determine if a model is

compute or memory bandwidth-bound, one can calculate a model’s

operational intensity, defined as the ratio of compute operations (in

FLOPS) to DRAM accesses (in bytes). For example, a TPU-v3 chip

supports 123 TFLOPS/s of bfloat16 compute and 900GB/s memory

bandwidth [38]. Therefore, a model that can operate at full compute

utilizationmust have anoperational intensity of at least 137 FLOPS/B

to avoid becoming memory-bound. Note that it is cheaper to scale

compute performance than memory bandwidth due to the mem-

ory wall [98]. The latest NVIDIA A100 GPU supports 312 TFLOPS

bfloat16 with 1.5TB/s bandwidth [16], requiring an operational in-

tensity of 208 FLOPS/B to prevent bandwidth bottlenecks.

Compilers such as TensorFlow XLA [27] mitigate this issue with

operation fusion, merging multiple ops into one large op to avoid

DRAM accesses of intermediate results, resulting in greater opera-

tional intensity and improvedperformance [38].Most priorworkhas

focused on training, where intermediate results must be preserved

for the backwards pass [5, 58]. In this work, we focus on inference,

which does not require a backwards pass, meaning that intermediate

results may be immediately discarded after use.

Figure 3 shows that EfficientNet has lowoperational intensity due

to its heavy use of depthwise-separable convolutions. Without op

fusion, EfficientNet operational intensity ranges from 13 to 35 FLOP-

S/B, far below the level required to run without memory bottlenecks

on TPU-v3 or A100. Using batching to amortize weight accesses

across multiple inferences is effective for ResNet-50 and moderately

effective for BERT, but not for EfficientNet due to its lower parame-

ter count. As such, these workloads present a significant challenge

to architects, since provisioning greater memory bandwidth can re-

sult in exorbitant incremental costs. Current fusion approaches are
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Figure 3: The impact of op fusion on operational intensity. Models with op intensity below 200 are memory bandwidth-

bottlenecked on current accelerators. BERT and ResNet-50 do not contain depthwise-separable convolution (DSConv) or in-

verted residual (MBConv) blocks. Increasing batch size is effective for ResNet-50 and BERT-seq128, but not for EfficientNet and

BERT-seq1024. Supporting future accelerators with op intensity over 400 requiresmore advanced fusion techniques.

Figure 4: EfficientNet-B7per-layer performance as a fraction

of peakFLOPSonTPU-v3. Earlier layers have lowutilization

due to having few channels. A good utilization ratio should

exceed 0.7. Smaller EfficientNets have worse utilization due

to having fewer channels.

based on templates comprising specific compiler-defined sequences

of ops [2]; we consider hypothetical depthwise-separable andMB-

Conv fusion templates. By fusing entireMBConv blocks, we are able

to achieve an operational intensity greater than 200 FLOPS/B. How-

ever, writing custom block fusion templates is not scalable. There

is also considerable operational intensity headroom remaining, as

shown by the ideal case in which all model weights are pinned [17]

and only the input and final output results require off-chip accesses.

These insights motivate FAST fusion, an fusion technique for infer-

ence capable of fusing arbitrary sequences of ops as described in

Section 5.5, addressing the memory bottleneck.

Aggressive op fusion and weight pinning can come at the cost

of significant on-chip storage capacity, as shown in Table 1. An

op’s working set size is the size of its input activations and outputs,

and a model’s working set size is the working set size of its largest

op. Since working sets scale linearly with batch size, fusion tends

to perform better at smaller batch sizes since more tensors will fit

into SRAM. However, larger batch sizes can improve systolic array

utilization, resulting in higher overall performance. Determining

the best resource allocation between compute and memory depends

on the specific operational intensity, memory footprint, and batch

size for a target workload. FAST can automatically explore this space

through datapath, scheduling, and fusion co-optimization.

4.2 EfficientNet Resource Utilization

Weprofiled EfficientNet-B7 performance on TPU-v3. Figure 4 shows

the performance of eachMBConv block as a fraction of peak TPU-v3

compute (FLOPS). Initial layers havepoorutilization,withutilization

Table 2: EfficientNet-B7 per-op performance as a fraction of

totalexecutiontimeonTPU-v3.Depthwiseconvolutionscon-

sume the majority of execution time, due to their poor map-

ping efficiency on TPU-v3.

Op Type FLOP Percentage Runtime Percentage

DepthwiseConv2dNative 5.00% 65.30%

Conv2D 94.67% 34.20%

Other 0.33% 0.50%

Figure 5: BERTper-opperformance onTPU-v3. Softmax and

self-attention ops, which run inefficiently on TPU-v3, domi-

nate execution time at longer sequence lengths.

improving as thenumber of input/output channels increases.Overall

TPU-v3 utilization on EfficientNet-B7 is only 14.8%, suggesting a

potential 6.75x performance upside with an improved datapath and

scheduler with similar peak FLOPS that can reach full utilization.

To identify the cause of low average utilization, we examined

EfficientNet-B7 operation performance as a fraction of total execu-

tion time on TPU-v3 as shown in Table 2. The culprit is clear: depth-

wise convolutions comprise themajority of overall runtime, but only

utilize a small fraction of total compute. An accelerator design that

balanced depthwise convolution and regular convolution perfor-

mance would therefore see significant speedups on EfficientNet. We

discuss how this can automatically be achieved through FAST.

4.3 BERTResource Utilization

We profiled BERT-Base [19] performance on TPU-v3 with default

hyperparameters, sweeping sequence length from 128 to 2048. Since

each BERT layer is identical, we broke a single layer into its subcom-

ponents:Query/Key/Valuematrixprojection, softmax, self-attention,

and feed-forward. TheQKVprojection and feed-forward ops already
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run efficiently onTPU-v3, at 65% and 75% compute utilization respec-

tively. Softmax is comprised of vector operations and thus must en-

tirely execute on the TPU-v3 vector unit instead of its systolic array,

so has exceptionally low compute utilization as defined as a fraction

of peak throughput of less than 1%. Self-attention performs an activa-

tion × activationmatrix multiply instead of activation ×weight such

that thecost of latchingamatrix into the systolic arraycannotbe fully

amortized over the batch dimension, resulting in lower utilization.

As shown in Figure 5, at low sequence lengths the efficient QKV

projection and feed-forward ops dominate execution time, result-

ing in overall efficient execution. However, QKV projection and

feed-forward computationally scale linearly with sequence length,

whereassoftmaxandself-attentionscalequadraticallyO(𝑁 2).There-

fore, the inefficient softmax and self-attention ops dominate execu-

tion time at longer sequence lengths, resulting in poor overall per-

formance. Self-attention performance can be addressed with smaller

systolic arrays automatically discovered through FAST. We discuss

techniques for addressing softmax performance in Section 5.6.

5 FULL-STACKACCELERATOR SEARCH

FAST is a full-stack accelerator search technique for automatically

designing custom accelerators optimized for a given set of MLwork-

loads and subject to constraints as shown in Figure 1. We first con-

sider if such techniques are practical, before describing the frame-

work in detail in the following sections.

5.1 The Economics of Specialized Accelerators

It is well-known that increased hardware specialization improves

performance [39, 73, 81, 107]. However, given that specialized ac-

celerators target fewer workloads than general accelerators and

building custom chips is expensive, it is less clear whether such

specialization is economically viable. We analyze this question by

examining Return on Investment (ROI), a common profitability met-

ric measuring an investment’s return relative to its cost [22]; an ROI

exceeding 1 is profitable. Companies typically aim to reach a pre-

defined ROI threshold for their projects. A proper ROI calculation

should be based on a company’s specific circumstances. The follow-

ing analysis is hypothetical, is based only on publicly-available data,

and is intended to be used for illustrative purposes.

A simplemethod for estimating investment return is based on the

savings from deploying a more cost-efficient accelerator relative to

the baseline, typically either the currently-deployed accelerator or

a next-generation design under consideration. Suppose we design

an accelerator optimized for EfficientNet with a higher Perf/TCO

relative to the baseline, and plan to offload all datacenter traffic cur-

rently running EfficientNet onto this new accelerator, i.e., aggregate

QPS served by the new accelerator will be the same as the current

accelerator. The ROI for this accelerator can be estimated as:

𝑇𝐶𝑂𝑜𝑙𝑑 = 𝐶𝑐𝑎𝑝 (𝑛) + 𝑡𝐷 ·𝐶𝑜𝑝 (𝑛) (1)

𝑅𝑂𝐼 =
𝑇𝐶𝑂𝑜𝑙𝑑 · (𝑆 − 1)

(𝑡𝑑𝑒𝑠𝑖𝑔𝑛 ·𝐶𝑒𝑛𝑔 +𝐶𝑚𝑎𝑠𝑘 +𝐶𝐼𝑃 ) · 𝑆
(2)

where𝐶𝑐𝑎𝑝 (𝑛) and𝐶𝑜𝑝 (𝑛) are the capital and operational costs,

respectively, to deploy 𝑛 accelerators, 𝑡𝐷 is the accelerator deploy-

ment lifetime in years, 𝑆 is the Perf/TCO improvement relative to the

baseline accelerator, 𝑡𝑑𝑒𝑠𝑖𝑔𝑛 is the aggregate engineering-years to

Figure 6: Accelerator Return on Investment (ROI) vs. deploy-

ment volume for hypothetical specialized accelerators with

improved Perf/TCO relative to NVIDIA A100 baseline. An

ROI exceeding 1 is profitable. Modern datacenters typically

deploy thousands of accelerators, enabling initial engineer-

ing andmanufacturing costs to be amortized.

design the accelerator and its system software,𝐶𝑒𝑛𝑔 is the corporate

cost per engineer per year including compensation, benefits, and all

overhead,𝐶𝑚𝑎𝑠𝑘 is the wafer mask cost, and𝐶𝐼𝑃 is the IP licensing

cost such as the DRAM PHY. All pricing and power numbers for the

baseline and new accelerator should include shared system server

components, including the fractional hostmachine, networking, and

rack infrastructure amortized between several accelerators.

OurexampleROIcalculationassumesaNVIDIADGXA100320GB

platform baseline containing 8x A100 accelerators with a manufac-

turer’s suggested price (MSRP) of $199,000 [87]. We assume the

May 2021 average price of electricity for the US Commercial sec-

tor ($0.1084/kWh) from the US Energy Information Administration

[1], an accelerator deployment lifetime of 3 years [89], the cost per

engineer based on the reported median total compensation for a

SWEworking in the San Francisco bay area ($240,000) [3] with a 65%

salary overhead [99], and all other values from previous work [99].

Since our experimental results assume a sub-10nm process technol-

ogy, we extrapolate wafer mask and PHY IP costs using exponential

scaling as observed in [99].

Estimating aggregate engineering years is more difficult, since it

varies widely on a project methodology and company basis. Modern

chip design has significantly reduced the engineering effort required

for custom accelerators using techniques including HLS [44, 78] and

agile design methodologies [50]. Custom accelerators can further

reduce design time by leveraging existing hardware and software

infrastructure. Simba [84] was built by 5-10 engineers in 20 months

(12.5 engineer-years) to go from architecture to tape-out [44]. The

Tesla Full SelfDriving (FSD) SoCwas built by 100 engineers [83] in 14

months [8] (117 engineer-years). Since Simba is a research test chip,

and FSD is a full SoC containing a customML inference accelerator,

we average the two designs to estimate the effort for a dedicated ML

inference accelerator (65 engineer-years).

To approximate accelerator deployment volumes, a naive ap-

proach may be to divide a workload’s QPS by the accelerator’s

throughput to estimate the total number of accelerators required to

serve a certain amount of traffic. However, datacenters in practice

are heavily over-provisioned to lower response latency and account

for issues including traffic spikes, reliability, and projected future

user growth [9]. These provisioning calculations are highly confiden-

tial; we therefore looked at public examples in industry. Microsoft
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deployed 1,632 Catapult FPGAs for a medium-scale pilot study to ac-

celerate a portion of the Bing search ranking pipeline [73]; currently,

more than a million Catapult FPGAs are deployed in Microsoft data-

centers [72]. Google has deployed tens of thousands of servers with

video transcoding accelerators [78]. Facebook trains its Facer model

on thousands of servers [31]. Large language models such as Meena

[6], GShard [51], Switch Transformer [21], and GPT-3 [12] take 1024

to 10,000 accelerators to train [70]; a McKinsey study showed that

datacenter inference demand typically exceeds training [10].

Figure 6 shows ROI as a function of the number of deployed

accelerators, assuming hypothetical specialized accelerators capable

of improving Perf/TCO from 1.5x to 100x relative to the NVIDIA

DGXA100 baseline. There are several key takeaways. Firstly, a large

deployment volume is the most important factor: all accelerators

with positive Perf/TCO relative to the baseline become ROI-positive

with sufficient volume. Secondly, there are diminishing returns to

improving Perf/TCO under our strict definition of ROI. For example,

deploying 8000 accelerators with 1.5x Perf/TCO has higher ROI than

deploying 2000 accelerators with 100x Perf/TCO.

However, our ROI calculation is conservative since it only cap-

tures the returns from switching to a more cost-effective platform.

Improving inference latency can increase revenue [97]; a 500ms de-

lay in the Bing search engine reduced revenue per user by 1.2% [94].

A custom accelerator may also enable larger models that are cur-

rently infeasible for deployment on current platforms. Finally, a new

accelerator deployment should not just replace the current acceler-

ator baseline, but account for future application growth; Facebook

DL inference server demand increased by 3.5x over less than two

years [69]. Therefore, even accelerators that simply break-even in

ROI while enabling significantly lower latency or larger models can

potentially be economically viable with sufficient justification.

5.2 ProblemDefinition

Our objective is to find an optimized set of hyperparameters h for

the hardware datapath, scheduler, and op fusion, given user-defined

workloadsw, objective function f (i.e., minimizing any function of

power, area, and latency/throughput), subject to cost constraints

(e.g., maximum area a or thermal design power p). Our optimization

problemmay be described by:

min
ℎ,𝑤

𝑓 (ℎ,𝑤) (3)

s.t. 𝐴𝑟𝑒𝑎(ℎ) ≤ 𝑎, 𝑇𝐷𝑃 (ℎ) ≤ 𝑝 , (4)

𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒𝐹𝑎𝑖𝑙𝑢𝑟𝑒𝑠 (ℎ,𝑤) = 0, (5)

The constraint 𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒𝐹𝑎𝑖𝑙𝑢𝑟𝑒𝑠 (ℎ,𝑤) = 0 ensures that work-

load𝑤 can be successfully mapped onto the architecture described

by the hyperparametersℎ.

5.3 FAST Framework Overview

The FAST framework explores the hardware datapath configuration,

software schedule, and compiler operations for a combined search

space up to O(102300). This estimate takes the product of the fully

unconstrained mapspace [68] sizes for each layer in a moderately

sized model like ResNet-50 (∼102000), combined with the 1013 data-

path and 10300 op fusion search spaces, rounded down.

As shown in Figure 1, the FAST framework uses a three-phase

approach for each trial. Firstly, FAST uses Google Vizier [26], a

Table 3: Accelerator datapath search space with 10
13 possi-

ble values. When combined with scheduling and op fusion

search spaces, the FAST total search space exceeds 10
2300.

Memory technologies besidesGDDR6 can easily bemodeled.

Parameter Name Type Potential Values

PEs_x_dim int 1 to 256, powers of 2

PEs_y_dim int 1 to 256, powers of 2

Systolic_array_x int 1 to 256, powers of 2

Systolic_array_y int 1 to 256, powers of 2

Vector_unit_multiplier int 1 to 16, powers of 2

L1_buffer_config enum Private, Shared

L1_input_buffer_size int 1KB to 1MB, powers of 2

L1_weight_buffer_size int 1KB to 1MB, powers of 2

L1_output_buffer_size int 1KB to 1MB, powers of 2

L2_buffer_config enum Disabled, Private, Shared

L2_input_buffer_multiplier int 1x to 128x, powers of 2

L2_weight_buffer_multiplier int 1x to 128x, powers of 2

L2_output_buffer_multiplier int 1x to 128x, powers of 2

L3_global_buffer_size int 0MB to 256MB, powers of 2

GDDR6_channels int 1 to 8, powers of 2

Native_batch_size int 1 to 256, powers of 2

Figure 7: Accelerator datapath configuration. PEs are con-

nected by a mesh on-chip network. PE systolic arrays per-

form a matrix-vector multiply each cycle. Vector and scalar

MACs can be modeled by setting systolic array X and/or Y

dims to 1. PEs also contain aVPUfornon-MACvector ops. L2

and Global Memory structures are optional.

black-box optimizer, to propose new choices of hyperparameters

that define candidate hardware datapaths. To make exploring the

schedule space more tractable, Vizier constrains the software sched-

ule mapspace to known-good mapping schemes such as weight and

output-stationary [14]. Secondly, our architectural simulator, de-

scribed in Section 6.1, simulates themapping and execution of target

workloads on the candidate architecture. Compute-intensive ops

such as Conv2D are optimized via pre-processing passes, such as ten-

sor padding optimization, before calling Timeloop [68] with Vizier-

provided constraints to determine the best schedule and predicted op

performance. Finally, the per-op performance statistics are passed

to our FAST fusion ILP solver to determine the best op fusion config-

uration. Our simulator then estimates op post-fusion performance

and outputs final execution time and power for the target workloads.

This cycle then repeats for thousands of trials until convergence.

5.4 Architectural Search Parameters

As shown in Figure 7, we target a highly-parameterized and gen-

eral ML accelerator template capable of modeling a wide range of

previously proposed architectural designs. Unlike prior work which
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targets specific families of accelerators, we enlarged our datapath

search space to cover an approximate superset of popular accelerator

families based on grids of processing elements (PEs), as described

in Table 3. In addition, to run models like BERT which require high

performance non-MAC operations for layers such as softmax and

layernorm, we add a fully general Vector Processing Unit (VPU) sim-

ilar to TPU-v3 [38]. VPUwidth, as a multiple of systolic array width,

is added to our search space. The TPU family of accelerators instan-

tiate large systolic arrays coupled with two levels of shared memory.

This can be represented in our framework by setting the systolic ar-

ray dimensions to the appropriate values, setting L1_buffer_config

to Shared, and L2_buffer_config toDisabled.Many accelerators such

as Eyeriss [14] use flexible scalar PEs with per-PE buffers for in-

put activations, weights, and output activations. This design can

be reached by setting systolic array X and Y dimensions to 1, and

L1_buffer_config toPrivate. Several edge accelerators proposed in in-

dustry such as Simba [84] and EdgeTPU [112] use vector PEs, which

can be represented by setting the systolic array X dimension to 1.

While our datapath search space cannot perfectly cover all possible

designs, it is still much larger than those used in previous work [86,

93, 101]. We plan to further extend the search space in future work.

5.5 FAST Fusion

Modern neural network models pose a challenge due to their poor

operational intensity, as discussed in Section 4.1. We propose FAST

fusion, an aggressive fusion technique designed specifically for in-

ference. FAST fusion leverages leftover Global Memory capacity un-

used by Timeloop to store activations and weights. Activations have

short lifetimes, typically until the next op. Weights can be stored to

reuse across multiple inference requests, a technique calledweight

pinning. FAST fusion must balance the benefits of fusing activations

with weights while focusing on memory-bound ops; there is typi-

cally no performance benefit for fusing a compute-bound op when

latency can be hidden. We express this constrained optimization

problemas an integer linear program (ILP)minimizing cycle count us-

ing simulator performancemetrics.We implemented FAST fusion as

a secondary pass that fuses XLA-generatedHLO fusion regions. This

improves ease of implementation and greatly reduces ILP problem

size, at the cost of potentially suboptimal fusions. FAST fusion con-

servatively assumes that entire tensors are stored in memory; sched-

ulers can use inter-op blocking to reduce tensor working set sizes.

Next, we describe the problem formulation.We are given an input

graph𝐺 (𝑉 , 𝐸) representing an 𝑛−layer, partially fused1 neural net-

work which we wish to optimize, where each vertex 𝑣 ∈ 𝑉 is a layer

of the network, while each edge 𝑒 = (𝑢, 𝑣) represents an activation

dependency from layer𝑢 to 𝑣 (that is, the output activation of𝑢 is an

input to 𝑣). Let 𝐹𝑖𝑛 (𝑣) and 𝐹𝑜𝑢𝑡 (𝑣) represent the fan-in and fan-out

sets, respectively, of some vertex 𝑣 ∈ 𝑉 . We assume that𝐺 has the

property that while 0 ≤ |𝐹𝑜 (𝑣) | ≤ 𝑛 − 1, 0 ≤ |𝐹𝑖 (𝑣) | ≤ 1. To simplify

notation, let𝐷𝑡 := {𝐼 ,𝑂,𝑊 } represent the set of data types used to

annotate variables, where 𝐼 ,𝑂 , and𝑊 represent input activations,

1That is,𝐺 (𝑉 , 𝐸) is derived from an original𝑚−layer network that has been optimized
such that combinations of data formatting, element-wise, and matrix operations have
been grouped in fused computations [38].

min

𝑝𝑘𝑖

∑

𝑖∈𝑉

𝑇𝑖

s.t. 𝑇𝑖 ≥ 𝑇
𝑚𝑖𝑛
𝑖

𝑇𝑖 ≥ 𝑇
𝑚𝑎𝑥
𝑖 −

∑

𝑘∈𝐷𝑡

𝑡𝑘𝑖 · 𝑝
𝑘
𝑖

𝐶𝐺𝑀 ≥ 𝐵𝑖 +
∑

𝑘∈𝐷𝑡

𝑑𝑘𝑖 · 𝑝
𝑘
𝑖 +

∑

𝑗 ∈𝑉 ,𝑗≠𝑖

𝑊𝑗 · 𝑝
𝑊
𝑗

𝑝𝑂𝑖 ≥ 𝑝
𝐼
𝑗 ∀𝑗 ∈ 𝐹𝑜𝑢𝑡 (𝑖)∑

𝑗 ∈𝐹𝑜𝑢𝑡 (𝑖)

𝑝𝐼𝑗 ≥ 𝑝
𝑂
𝑖

𝑀 · (1 − 𝑝𝐼𝑖 ) ≥ 𝑜 (𝑖) − 𝑜 (𝐹𝑖𝑛 (𝑖)) − 1

𝑝𝑘𝑖 ∈ {0, 1} ∀𝑘 ∈ 𝐷𝑡

(6)

Figure 8: Optimization problem for FAST fusion.

output activations, and weights, respectively. Given a known execu-

tion order 𝑜 : 𝑣 ∈ 𝑉 −→ {0, . . . , 𝑛 − 1} for each network layer, we

express the optimization problem in Figure 8.

The variable 𝑝𝑘𝑖 is a binary decision variable indicating whether

the tensor of type 𝑘 ∈ 𝐷𝑡 for layer 𝑖 is to be placed in the Global

Memory (if equal to 1), while the variable𝑇𝑖 represents the optimized

execution time for layer 𝑖 as a function of 𝑝𝑘𝑖 .𝑇
𝑚𝑖𝑛
𝑖 and𝑇𝑚𝑎𝑥

𝑖 are the

execution times for layer 𝑖 when the inputs and outputs of the layer

are pinned exclusively in the Global Memory and DRAM, respec-

tively (these are obtained fromTimeloopevaluationof the layer). The

parameter 𝑡𝑘𝑖 is time to access layer 𝑖’s tensor of type𝑘 (where𝑘 ∈ 𝐷𝑡 )

fromDRAM,𝐶𝐺𝑀 is the capacity of theGlobalMemory in bytes,𝐵𝑖 is

thenominalglobal bufferusageof layer 𝑖 ,𝑑𝑘𝑖 is thedifferencebetween

the size of layer 𝑖’s tensor of type𝑘 and the corresponding tile size al-

located on the global buffer if we were to assume the tensor is being

streamed from/toDRAM,𝑊𝑗 is the size of layer 𝑗 ’sweight tensor, and

𝑀 ≥ 𝑛 − 1 is an arbitrarily large constant. Note that the constraints

imply that activations are only stored in the global buffer if the op

consuming an activation executes immediately after the op which

produces the activation. This also means that in cases where a node

has multi-fanout (e.g., skip connections), at most only one op in the

fanout conewill benefit from reading its input activation from global

memory. These constraints ś which limit the maximum potential

upside of the technique ś were imposed because of some limitations

in our simulation infrastructure. Future work will address these lim-

itations, thereby potentially allowing for further performance gains.

5.6 Two-Pass Softmax

The softmax operation is challenging on the TPU-v3 and other ex-

isting ASICs for several reasons. Firstly, calculating an exponential

operation requires significant hardware resources. Typically, a look-

up table is used with a Taylor series expansion, resulting in a large

latency and area [67]. Secondly, numerically-stable softmax requires

3 passes over the input vector, as shown in Algorithm 1. Due to the

size of the vector in most models, these 3 passes usually involve

reading and writing the values to and from DRAM.

Inorder to reduce thenumberofmemoryaccesses, [65] proposes a

mathematically equivalent algorithm that performs the first 2 passes
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Algorithm 1Numerically-Stable Softmax

1: 𝑚𝑎𝑥𝑉𝑎𝑙 ← −∞
2: for 𝑖 ← 1 to𝑁 do
3: 𝑚𝑎𝑥𝑉𝑎𝑙 ←𝑚𝑎𝑥 (𝑚𝑎𝑥𝑉𝑎𝑙,𝑉 [𝑖 ])
4: end for
5: 𝑠𝑢𝑚 ← 0

6: for 𝑖 ← 1 to𝑁 do
7: 𝑡𝑒𝑚𝑝𝑉𝑒𝑐 [𝑖 ] ← 𝑒𝑥𝑝 (𝑉 [𝑖 ] −𝑚𝑎𝑥𝑉𝑎𝑙)
8: 𝑠𝑢𝑚 ← 𝑠𝑢𝑚 + 𝑡𝑒𝑚𝑝𝑉𝑒𝑐 [𝑖 ]
9: end for
10: for 𝑖 ← 1 to𝑁 do
11: 𝑜𝑢𝑡 [𝑖 ] ← 𝑡𝑒𝑚𝑝𝑉𝑒𝑐 [𝑖 ]/𝑠𝑢𝑚
12: end for

Algorithm 2 Two-Pass Softmax

1: 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑀𝑎𝑥 ← −∞
2: 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑆𝑢𝑚 ← 0

3: for 𝑖 ← 1 to𝑁 do
4: 𝑛𝑒𝑤𝑀𝑎𝑥 ←𝑚𝑎𝑥 (𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑀𝑎𝑥,𝑉 [𝑖 ])
5: 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑆𝑢𝑚 ← 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑆𝑢𝑚∗𝑒𝑥𝑝 (𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑀𝑎𝑥−𝑛𝑒𝑤𝑀𝑎𝑥) +

𝑒𝑥𝑝 (𝑉 [𝑖 ] − 𝑛𝑒𝑤𝑀𝑎𝑥)
6: 𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑀𝑎𝑥 ← 𝑛𝑒𝑤𝑀𝑎𝑥
7: end for
8: for 𝑖 ← 1 to𝑁 do
9: 𝑜𝑢𝑡 [𝑖 ] ← 𝑒𝑥𝑝 (𝑉 [𝑖 ])/𝑟𝑢𝑛𝑛𝑖𝑛𝑔𝑆𝑢𝑚
10: end for

together, as seen in Algorithm 2. The two-pass softmax eliminates𝑁

memory accesses relative to Algorithm 1, but increases the number

of exponential calculations by up to 2𝑁 . Therefore, the benefit of the

two-pass approach is dependent on the accelerator’s memory band-

width and vector unit throughput. We add the option to enable the

two-pass softmax as a hyperparameterwithin our FAST search space.

6 EVALUATION

6.1 Experimental Setup

Methodology and Simulator: We use TPUs as the baseline be-

causeTPUs arewell-characterized as themost popular dedicated dat-

acenter ML accelerator; TPUs vs GPUs have also been well-studied

in priorwork [39] [37] [63] [28].Wemodified an internal TPUperfor-

mance simulator to enablemodeling of a wide range of architectures

as described in Section 5.4. The baseline simulator is well-correlated:

on our benchmark suite, simulator accuracy is on average within

8.2 ± 2.7% of profiled TPU-v3 performance. Because our simulator

tends to produce slightly optimistic results, we evaluated against a

simulated rather than measured TPUv3 baseline to take optimistic

simulator assumptions into account.

Our simulator takes unmodified XLAHLO graphs [27] as input

and is modified to employ Timeloop [68] to evaluate the perfor-

mance of Conv2D, DepthwiseConv2D, Einsum, andMatMul oper-

ations. Since Timeloop cannot handle problem dimensions that do

not factorize cleanly into hardware datapath dimensions, we added

a padding preprocessing step to improve utilization. All other ops,

suchasvector opsused in softmax, aremodeledusingour simulator’s

custom cost models. Simulated design points with Timeloop sched-

uling failures are considered invalid. To estimate area and power

consumption, we built analytical models correlated to production

designs on an industry sub-10-nmmanufacturing process; for a fair

comparison, the TPU-v3 baseline is also modeled using this same

process technology. TDP is estimated as power virus power, in which

each component is assumed to be accessed at 100% utilization. FAST

fusion’s ILP is solved using SCIP v7.0.1 [23], and is configuredwith

a 20 minute time-out; if an optimal solution is not found in that time

the solver returns the best incumbent solution. Because we use pre-

fused XLAHLO graphs as input, our FAST fusion implementation

fuses XLA-generated fusion regions instead of individual ops.

Workloads: FAST is evaluated on a range of state-of-the-art work-

loads in both computer vision and natural language processing do-

mains. The entire suite of EfficientNets is evaluated, from B0 to B7

[91]. BERT-Base [19] is evaluated for both short (128) and long (1024)

sequence lengths. ResNet50v2 [32] is one of the most popular CNN-

based models. We also evaluated two components of a production

OCR pipeline described in [74]. OCR-RPN is the first stage in a stan-

dard Mask R-CNN implementation used to propose candidate text

regions of interest. OCR-Recognizer is an LSTM-basedmodel within

the recognizer pipeline. These workloads were selected based on

their range of performance characteristics on TPU-v3. EfficientNets

currently run less efficiently on TPUs due to their use of depthwise-

separable convolutions (see Section 4.2). BERT runs efficiently on

TPUsat short sequence lengths, but is lessefficientat longer sequence

lengths (seeSection4.3);wecapturebothbyevaluatingBERTwith se-

quence lengths 128 and 1024. ResNet50v2 runsmuchmore efficiently

than EfficientNet by using standard Conv2D operations. OCR-RPN

and OCR-Recognizer are already optimized to run efficiently on

TPUs, and represent a worst-case scenario: models that already run

efficiently on our TPU-v3 baseline will benefit less from FAST.

Optimization framework:We used Google Vizier [26] enabling

LCS optimization [25] and safe search [24], disabling transfer learn-

ing, with 5000 trials per experiment. Each trial takes 10 minutes to 2

hours wall clock time based on model size and datapath constraints.

6.2 Experimental Results

6.2.1 Overall Speedup. Figure 9 shows overall performance im-

provement from FAST-generated custom accelerators on each work-

load relative to a simulated TPU-v3 baseline, in which performance

is measured in processed inference queries per second (QPS). FAST

is given a power and area budget similar to the current-generation

TPU-v3, but on a new process technology, emulating the method-

ology used by accelerator architects to design next-generation prod-

ucts. The purpose of this experiment is to evaluate if FAST can

fully utilize the available power and area headroom to create high-

performance designs. We evaluate FAST optimizing for individual

workloads aswell as acrossmultipleworkloads. Ourmulti-workload

optimized FAST finds a single hardware design evaluated on the geo-

metric mean across EfficientNet-B7, ResNet50v2, OCR-RPN, OCR-

Recognizer, and BERT-1024 achieving a 3.1× speedup over TPU-v3

baseline. Overall speedups are much higher on EfficientNets due

to their use of depthwise separable convolutions. When provided

with pure performance as the objective, FAST successfully finds

large designs that come close to our maximum area and TDP con-

straints. OCR-RPN and OCR-Recognizer are already well-optimized

for TPU-v3 and thus have the lowest gains as expected. Utilizing

FAST-specified scheduling and fusion on the TPU-v3 datapath pro-

vides a substantial 1.7× speedup; however, this is optimistic since

implementing the generated schedules and achieving the projected

speedup may require hardware changes. Tuning an architecture
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Figure 9: Modeled inference throughput relative to TPU-v3. "FAST scheduling/fusion" optimization offers large speedups over

existing TPU-v3. Speedups are much larger when FAST is also allowed to search over the datapath. "FAST search - single work-

load" are optimized designs for a specific workload. "FAST-search - multi workload" is a single design optimized across the 5

workloads (i.e., EfficientNet-B7, ResNet50, OCR-RPN, OCR-Rec, BERT-1024). GeoMean and GeoMean-5 results correspond to

the geometric mean across all workloads, and across the aforementioned 5 workloads respectively.

Figure 10:Modeled inference throughputperTDP (peakpowerdraw) relative toTPU-v3, normalized to the samemanufacturing

process technology. FAST demonstrates large Perf/TDPwins across all workloads.

Table 4: FAST-generated accelerator deployment volume re-

quired to reach a specific ROI target based on Perf/TDP

speedups from Figure 10. An ROI above 1 is profitable.

"Multi-Workload" is optimized across a set of workloads:

EfficientNet-B7, ResNet50, OCR-RPN,OCR-Rec, BERT-1024.

TargetWorkload Perf/TCO 1x ROI 2x ROI 4x ROI 8x ROI

EfficientNet-B7 3.91x 2,164 4,327 8,655 17,309

ResNet50 2.65x 2,588 5,177 10,354 20,707

OCR-RPN 2.34x 2,810 5,620 11,241 22,482

OCR-Rec 2.72x 2,548 5,096 10,192 20,385

BERT-128 1.84x 3,534 7,069 14,138 28,276

BERT-1024 2.7x 2,558 5,115 10,231 20,462

Multi-Workload 2.82x 2,792 5,584 11,167 22,335

across multiple workloads results in slightly reduced, but still sub-

stantial improvements over the baseline. FAST search achieves a

3.8× average speedup when optimizing for single workloads.

Absolute performance numbers can be misleading since different

hardware designs vary in cost. A common metric for evaluating dat-

acenter accelerators is to normalize for these differences by consid-

ering performance per TCO, which includes initial capital expenses

and recurring operating costs such as electricity (Section 5.1). While

due to sensitivity of data, TCO numbers are not published, TDP can

be used as a proxy for TCO [39]. Figure 10 shows Perf/TDP numbers

relative to a hypothetical TPU-v3 die-shrunk to the same sub-10-

nm process technology. When optimizing for Perf/TDP, FAST finds

balanced designs that are smaller than our maximum area and TDP

constraints, but achievehigh compute utilizationwithminimalmem-

ory bandwidth bottlenecks. Designs found by FAST tend to have

smaller systolic arrays, smaller L1 scratchpads, and larger Global

Memories than the TPU-v3 baseline. Two-pass softmax was not use-

ful when fusion was enabled. Overall, FAST individually optimized

for each workload improves Perf/TDP on average by 3.7× across all

workloads and 2.8× on the reduced workload suite, whereas FAST

optimized for multiple workloads still improves Perf/TDP by 2.4×.

6.2.2 ROI Discussion. To determine the practicality of building

FAST-generatedML accelerators optimized for single workloads, we

estimateFASTacceleratorROIrelative toourTPUv3baseline inTable

4, using the methodology and parameters as described in Section 5.1.

WeestimatePerf/TCOspeedup relative toTPUv3using thePerf/TDP

speedups shown in Figure 10. Prior work shows that Perf/TCO and

Perf/TDP are highly correlated [37]. TPUs are not available for sale

to the general public and TPU TCO is confidential; we instead used

the NVIDIADGXA100 320GB platform to approximate TPUv3 TCO.

This example is intended as an estimate for illustrative purposes

only; entities planning to build their own customaccelerators should

calculateROIusing costs andbaselines specific to their ownsituation.

Our analysis shows that the ROI 1x break-even point can be

reached with a deployment volume of 2,164 to 3,534 accelerators.

However, breaking even is typically not enough to justify build-

ing custom accelerators; the goal is typically to turn a profit. Many

corporations make business decisions based on whether a planned

project reaches a pre-determined ROI threshold [22]. Due to ROI

diminishing returns from increasing Perf/TCO, it is typically bet-

ter to target larger deployment volumes, thus suggesting that the

FAST-generated design optimized for 5 different workloads (Multi-

Workload) may be a more profitable design since it can likely be

deployed in a much larger volume without much impact on Per-

f/TCO. Even single-workload designs can easily reach profitability

with typical deployment sizes discussed in Section 5.1.

6.2.3 Search Convergence Rate. We evaluated several black box op-

timizer heuristics as provided byVizier. In Figure 11, we compare the

convergence rate of Vizier’s default Bayesian algorithm against Lin-

ear Combination Swarm (LCS) [25] and random samplingwhen opti-

mizing for Perf/TDP on EfficientNet-B7. We show the mean and 90%

confidence interval across each heuristic, across 5 runs per heuristic.

LCS outperforms the other heuristics when trials exceed 2000.

6.2.4 Pareto Frontier. To evaluate our search space coverage, in Fig-

ure 12 we characterize the relationship between performance, TDP
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Figure 11: Search convergence rate on EfficientNet-B7 for

Bayesian, random, and Linear Combination Swarm [25].

Figure 12: EfficientNet-B7 step time vs. TDP and area relative

to TPU-v3 on the same process technology.

Table 5: Two example designs found by FAST optimized

for EfficientNet-B7 with similar overall Perf/TDP. Area and

power are normalized to threshold constraints.

Modeled TPU-v3 FAST-Large FAST-Small

Normalized TDP 0.5x 0.4x 0.15x

Normalized Area 0.6x 0.7x 0.3x

Peak Compute 123 TFLOPS 131 TFLOPS 32 TFLOPS

Peak Bandwidth 900 GB/s 448 GB/s 448 GB/s

Batch Size 2x64 8 64

Num PEs 2x2 64 8

PE Systolic Array Dims 128x128 32x32 64x32

PE VectorWidth 512 32 64

PE L1 Buffer Size 2x64KiB 8 KiB 8 KiB

PE L1 Buffer Config Shared Shared Shared

PE L2 Buffer Config Disabled Disabled Disabled

Global Buffer Size 2x16 MiB 128 MiB 8MiB

Compute Utilization 0.14 0.61 0.74

Pre-fusion Mem Stall % 63% 21%

Fusion Efficiency 85% 0%

OpInt Ridgepoint 137 292 73

Fused Model OpInt 63 383 63

B7 Performance (QPS) 210 (aggregate) 733 241

B7 Inference Latency 609ms 11ms 265ms

Normalized Perf/TDP 1 3.9 3.9

and area on EfficientNet-B7. Each figure is normalized to a hypo-

thetical TPU-v3 built with the same sub-10nm process technology

at (1.0, 1.0), and points located towards the lower left are Pareto-

optimal. FAST is able to find a range of designs significantly better

than the baseline, suggesting that FAST can be easily applied to other

domains besides datacenters, such as targeting embedded systems.

6.2.5 Example Designs Found by FAST. Table 5 shows two example

designs foundwith FASTwhen optimizing Perf/TDPonEfficientNet-

B7, compared to TPU-v3 normalized to the same sub-10nm process

(a) EfficientNet-B0 (b) EfficientNet-B7

Figure 13: FAST-Large post-fusion operational intensity,

sweeping Global Memory (columns) and batch size (rows).

Operational intensity increases with larger Global Memory

and smaller batch size. Higher is better, but there is nomore

performance benefit after reaching the ridgepoint (292).

technology. TPU-v3 is a dual-core design, in which each core is

treated as a separate accelerator; our EfficientNet-B7 QPS results

show aggregate QPS when using both cores. Each TPU-v3 core

contains two 128x128 systolic arrays and a 1024-wide vector unit.

FAST-generated designs are all single-core, in which each core con-

tains one or more PEs. EfficientNet-B7 when executed on TPU-v3 is

both compute-bound (low compute utilization of 0.14) and memory-

bound (low operational intensity of 63), both of which are addressed

by FAST designs with different approaches. Overall, FAST preferred

small shared L1 buffers with no L2 buffer; although L2 buffers may

reduce dynamic power from improved blocking, they increase over-

all TDP when assuming maximum buffer accesses per cycle. To

improve mapping efficiency for depthwise-separable convolutions,

both designs have PEs with smaller systolic array dimensions result-

ing in significantly higher compute utilization. Despite FAST-Large

having similar peak compute performance as TPU-v3 with half the

peak memory bandwidth, the design is not bandwidth-bottlenecked

due to its 128MiB Global Buffer, enabling aggressive FAST fusion

to improve operational intensity from 63 to 383. Overall, idle time

spent waiting for DRAM transfers to complete is reduced by 85%,

from 63% pre-fusion to 9% post-fusion. FAST-Small avoids fusion

entirely and achieves high efficiency through a low compute tomem-

ory bandwidth ratio. Although both designs have similar Perf/TDP,

FAST-Large is preferred for datacenter environments because it

meets MLPerf image classification latency requirements (15ms) [40],

enabling EfficientNet-B7 for latency-sensitive applications.

6.2.6 Evaluating FAST Fusion. We evaluate FAST fusion perfor-

mance in Figure 13 by measuring its impact on operational intensity

as we sweep Global Memory and batch size in an otherwise-fixed

FAST-Large design. Increasing Global Memory capacity enables

FAST fusion to assign more activation and weight tensors from

DRAM to Global Memory, resulting in higher operational intensity.

Decreasing batch size decreases tensor activation size (see Table 1),

increasing operational intensity since more tensors can be kept in

Global Memory. However, decreasing batch size also potentially re-

duces compute utilization due to decreased parallelism. Therefore,

the goal of FAST fusion is to select the largest batch size in which

post-fusion operational intensity meets or exceeds the accelerator

ridgepoint (292 for FAST-Large). EfficientNet-B0has small activation
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Figure 14: FAST-Large EfficientNet-B7 per-layer perfor-

mance as a fraction of peak FLOPS. Changing fromTPU-v3’s

128x128 systolic arrays to FAST-Large’s 32x32 systolic arrays

improves compute utilization, but remains bottlenecked by

memory bandwidth until FAST fusion is enabled.

Figure 15: Performance breakdown of each component of

FAST relative to a modeled TPU-v3 single core baseline. Im-

provements are additive; for example, FAST fusion includes

both datapath and scheduling improvements.

andweight tensor sizes,making it easy for FAST fusion to exceed 292.

The largest EfficientNet model, B7, represents a worst-case scenario

for fusion, but FAST fusion can still achieve sufficiently high opera-

tional intensity at batch size 8 to overcome the memory bottleneck.

6.2.7 Performance Characterization. In Figure 15, we show the con-

tributions of improved scheduling fromTimeloop, datapath improve-

ments, and FAST fusion.We startwith the TPU-v3 baseline, and then

incrementally add improvements from FAST-Large. Since TPU-v3 is

a dual-core design whereas FAST-Large is single-core, we compare

a single TPU-v3 core against a halved FAST-Large design with 32

PEs. The scheduling component shows the potential speedup from

better mappings discovered by Timeloop; implementing these bet-

ter mappings may require changes to the hardware. In the datapath

component, the TPU-v3’s 128x128 systolic arrays are replaced with

32x32 systolic arrays, keeping peak FLOPS constant.We also replace

TPU-v3’s 16MB global memory with the FAST-discovered 128MB

global memory. Datapath improvements without FAST fusion result

in significantly lower speedups since performance is a function of

both compute and memory, and increasing compute utilization re-

sults in no further improvements once the memory bandwidth limit

is reached. There is no performance benefit from increasing global

memory sizewhen fusion is disabled. Enabling FAST fusion removes

the memory bandwidth bottleneck, allowing the improved datapath

to realize its utilization improvements. Scheduling, datapath, and

fusion all work in synergy to achieve FAST’s projected speedups,

thereby demonstrating the criticality of including fusion when per-

forming hardware datapath + scheduling co-optimization to address

both memory and compute bottlenecks.

InTable 6,weperformed an ablation study to evaluate FAST-Large

performance relative to TPU-v3. An ablation study characterizes sys-

temperformance by removing individual components to understand

Table 6: FAST-Large ablation study measuring Perf/TDP

relative to a die-shrunk TPUv3 baseline. Numbers in paren-

theses show Perf/TDP relative to FAST-Large. The first row

shows an unmodified FAST-Large baseline. Subsequent rows

show FAST-Large with a single component reverted to the

TPUv3 baseline with no other changes.

EfficientNet-B7 ResNet50 BERT-Seq1024

FAST-Large 4.27x (1.00) 2.95x (1.00) 2.39x (1.00)

With 16MB Global Mem 2.26x (0.53) 2.20x (0.75) 1.22x (0.51)

Without FAST Fusion 1.91x (0.45) 1.74x (0.59) 1.05x (0.44)

With 128x128 systolic arrays 2.69x (0.63) 1.41x (0.48) 1.35x (0.56)

With 32KB L1 scratchpads 3.20x (0.75) 2.26x (0.77) 1.83x (0.77)

each component’s contribution to the overall system. The first row

shows unmodified FAST-Large Perf/TDP relative to our die-shrunk

TPU-v3 baseline. Subsequent rows evaluate FAST-Large with a sin-

gle component replaced with what was used in the original TPU-v3

designwith no other changes. For example, the second rowevaluates

FAST-Large with its 128MB Global Memory replaced with the 16MB

Global Memory used in TPU-v3. The resulting performance loss of

each row relative to the first row represents the feature’s importance

towards achieving good overall performance. Moving from 32KB

to 8KB L1 scratchpads has a minimal impact on performance with

lowered power, resulting in improved Perf/TDP. Removing each

component optimization results in substantial Perf/TDP degrada-

tion, thereby demonstrating their importance for FAST-Large.

7 CONCLUSIONAND FUTUREWORK

We presented FAST, a full-stack accelerator search technique that

performs joint optimization of the hardware datapath, software

scheduling, and compiler passes such as operation fusion and tensor

padding. Our results demonstrate that FAST-generated inference ac-

celerators can provide large Perf/TDP improvements on state-of-the-

art computer vision and natural language processing models with

compelling ROIs. For example, the FAST-Large design provides 3.9×

Perf/TDP improvement over a die-shrunk TPU-v3 baseline through

a combination of higher efficiency and lower optimal batch size,

thus enabling not only substantial Perf/TCO improvements but also

enables EfficientNet-B7 to be deployed for latency-sensitive applica-

tions. FAST-generated accelerators currently do not support the full

feature set provided by designs like TPU-v3 optimized for not just

single-chip inference, but also training across thousands of devices.

However, key inference datacenter workloads may be sufficiently

important or provide sufficient volume for substantial returns on in-

vestment. Specialized designs optimized for small sets of workloads

are unlikely to completely replace general-purpose designs, but may

still serve an important niche in production environments. By sub-

stantially enlarging the set of workloads, FASTmay also be used to

propose the design of future generations of general-purpose ML ac-

celerators. We plan to extend FAST by further enlarging the search

space and adding support for optimizing accelerators for training.
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