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Abstract—The past year has witnessed the increasing popu-
larity of Large Language Models (LLMs). Their unprecedented
scale and associated high hardware cost have impeded their
broader adoption, calling for efficient hardware designs. With the
large hardware needed to simply run LLM inference, evaluating
different hardware designs becomes a new bottleneck.

This work introduces LLMCompass', a hardware evaluation
framework for LLM inference workloads. LLMCompass is fast,
accurate, versatile, and able to describe and evaluate different
hardware designs. LLMCompass includes a mapper to automat-
ically find performance-optimal mapping and scheduling. It also
incorporates an area-based cost model to help architects reason
about their design choices. Compared to real-world hardware,
LLMCompass’ estimated latency achieves an average 10.9% er-
ror rate across various operators with various input sizes and an
average 4.1% error rate for LLM inference. With LLMCompass,
simulating a 4-NVIDIA A100 GPU node running GPT-3 175B
inference can be done within 16 minutes on commodity hardware,
including 26,400 rounds of the mapper’s parameter search.

With the aid of LLMCompass, this work draws architectural
implications and explores new cost-effective hardware designs. By
reducing the compute capability or replacing High Bandwidth
Memory (HBM) with traditional DRAM, these new designs
can achieve as much as 3.41x improvement in performance/cost
compared to an NVIDIA A100, making them promising choices
for democratizing LLMs.

Index Terms—Large language model, performance model, area
model, cost model, accelerator

I. INTRODUCTION

Large Language Models (LLMs), the technology behind
OpenAl ChatGPT [49], Github Copilot [22], and Google
Bard [24], are gaining widespread attention from the whole
society. The capability of LLMs is related to their model
size [29], [31], and larger models [8], [11] show impressive
abilities [77] compared to smaller counterparts [16], [57], with
future models expected to exceed trillions of parameters [17].

This unprecedented scale of LLMs poses challenges to
deployment. Serving a GPT-3 (175B parameters) inference
requires a minimum of five NVIDIA A100s solely to ac-
commodate the model parameters (in half precision). This
substantial hardware cost impedes the broader adoption of
LLMs and motivates computer architects to design more cost-
effective hardware. We identify three challenges that exist in
designing hardware for LLM inference:

Lack of tools to evaluate hardware designs. Before diving
into writing the RTL code, hardware designers may want

! Available at https://github.com/PrincetonUniversity/LLMCompass.
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Fig. 1: An Overview of LLMCompass. LLMCompass can aid
the hardware design process as a versatile evaluation tool.

to first sketch and compare different design choices. There
are many properties we want for such a hardware evaluation
tool before writing RTL. @ Fast and accurate. Due to the
intense compute and memory hardware demand required for
LLM inference, this tool needs to be as fast as possible
without sacrificing accuracy. @ Architecturally descriptive.
This tool should be general enough to describe different design
choices: If it only applies to a specific architecture, the design
space for computer architects will be limited. ® Performance-
optimal. The hardware performance is also affected by how
the software is programmed (e.g., how to map the workload
to the hardware). The evaluation tool should optimize this
software domain to fully demonstrate the hardware capability
of each design. @ Cost-aware. We also want to know how
different hardware design choices affect the hardware cost to
reason about cost-performance trade-offs.

Existing tools fail to meet these requirements. Roofline
model analysis is fast but not accurate, and cycle-level sim-
ulators are accurate but slow. FPGA emulation is accurate
and provides area statistics but requires significant engineering
effort. To evaluate large-scale hardware designs in the era of
LLMs, a new hardware evaluation tool is needed.

Lack of knowledge on how different hardware design
choices affect LLM inference performance. As an emerging
application, the hardware characteristics of LLMs remain to
be understood. Besides the large volume of compute and
memory requirements, LLMs are also unique in their auto-
regressive way of generating tokens. We are interested in
exploring whether these properties of LLMs will change
common architecture wisdom.
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Lack of cost-effective hardware designs to democra-
tize LLMs. LLMs are powerful and capable, but are cost-
prohibitive to deploy. To serve GPT-3, a DGX A100 compute
node can cost over $100,000 USD [46], with each NVIDIA
A100 featuring 54B transistors and 80 GB of High Bandwidth
Memory (HBM). This high hardware cost hinders democra-
tizing LLMs.

In this paper, we tackle these challenges and make three
main contributions.

(1) We introduce LLMCompass, a hardware evaluation
framework for LLM inference workloads (Sec. III). LLM-
Compass leverages the fact that mainstream ML hardware
platforms share many architectural commonalities, allowing
us to develop a general hardware description template for
them. We also observe LLMs’ computational graphs are
composed of dense operators: matrix multiplication, softmax,
layer normalization, efc., all of which have a structural and
hence predictable compute and memory access pattern. This
allows LLMCompass to perform faster, higher-level tile-by-
tile (block-by-block) simulations without losing accuracy com-
pared to cycle-accurate simulators. The framework implements
a mapper to manually manage the memory hierarchy and find
the performance-optimal mapping and schedule scheme for
dense workloads. LLMCompass also features a cost and area
model based on public parameters to help designers reason
about different design choices.

LLMCompass is validated on three commercial hardware
designs: NVIDIA A100 [48], AMD MI210 [2], and Google
TPUv3 [30], [45]. Compared to real-world hardware, LLM-
Compass’ estimated latency achieves 10.9% error rate across
various operators with various input sizes and 4.1% error rate
for LLM inference. Implemented in Python, LLMCompass is
still fast. It takes only 15-16 minutes to simulate a 4-A100
GPU node running GPT-3 175B inference, including 26,400
rounds of the mapper’s parameter search (Figure 5i, tested on
one core of Intel Xeon Gold 6242R CPU @ 3.10GHz).

(2) We leverage LLMCompass to draw architectural
implications and explore how hardware design choices
affect LLM inference (Sec. IV). We find that prefill and
decoding pose different hardware requirements. Prefill can
significantly benefit from more compute capability and buffers,
while decoding barely gains from these and is more sensitive
to memory bandwidth. These insights inspire us to think about
new hardware design paradigms.

(3) We propose two cost-effective hardware designs
different from conventional wisdom (Sec. V). We find that
today’s hardware design paradigms tend to fit massive compute
capability and SRAMs in a huge die connected to high-end
HBMs. We analyze the LLM inference characteristics and
show how current hardware designs are inefficient. @ As LLM
inference is mostly I0-bound, HBMs can be used to achieve
low latency. However, HBM memory capacity limits the batch
size, making it hard to fully utilize the massive compute
capability. Based on this observation, we find that 95.3% of the
original performance can still be achieved even if we prune the
compute capability and buffer size by half. @ Larger batch size
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Fig. 2: A Decoder-Only Transformer Layer with Tensor Paral-
lelism. GPT-3 175B [8] consists of a stack of 96 such layers.
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can significantly improve throughput as the model parameters
are only read once for the whole batch. As memory capacity
limits the batch size therefore limiting throughput, we propose
to replace HBMs with traditional DRAM. We find that a larger
batch size can compensate for the loss in memory bandwidth
and can bring a 1.42x improvement in throughput and a 3.41x
improvement in performance/cost.

II. BACKGROUND
A. Large Language Models and Transformers

Large Language Models are variations of Transformer mod-
els [73] with a considerable amount of parameters that have
been pre-trained on large corpora of data [40]. Today’s LLMs
can have as much as one trillion parameters [17]. Compared to
smaller models, larger models (e.g. GPT-3 175B [8]) showcase
a remarkable set of capabilities such as emergent abilities [77]
and few-shot learning [8]. This increase in model size and
the consequent memory and compute requirements have posed
unique challenges for hardware.

We focus on Decoder-only Transformer models [55], which
is the architecture adopted by most of the LLMs today:
LLaMA [70], GPTs [8], [57], Bloom [80], PaLM [11], etc. The
basic building blocks of these models are Transformer layers.
As illustrated in Figure 2, each layer comprises a Multi-Head
Attention block followed by an MLP block. These layers are
then stacked together, forming the bulk of an LLM’s mem-
ory and compute requirement. Transformers also use learned
Vocabulary and Position embeddings, but for large models
like GPT-3, these do not contribute significantly to either
the memory or compute requirement (< 2%). Without losing
generality, we focus on Multi-Head Attention Transformers
(GPT-style). There are other variations such as Multi-Query
Attention [11], Mixture-of-Experts [17], and parallel Attention
and MLP [11]. LLMCompass seamlessly supports all these
possible variations as they share a common set of operators.

B. LLM Inference

Given an input prompt and the required number of output
tokens, LLM inference can be divided into two stages [56].
@ Prefill: Processing the input prompt and computing the KV
cache. The Key Value (KV) cache refers to the stored Key
and Value tensors of the Attention block in each layer [56].



Fig. 3: LLMCompass' Hardware Description Template. In this example, each device has 2 cores and each core has 2 lanes.

- Decoding Generating output tokens one after another ifABLE I: Examples of LLMCompass's Hardware Description

an auto-regressive manner: The Key and Value of the newly Cov Sooct cations NVIDIA AMD Google
generated token will be concatenated to the KV cache and ysp A100 [48] MI210 [2] TPUV3? [45]
used for generating the next token. The latencypcé i Frequency (MHz) 1410 1700 940
and decodingis mostly determined by the input and output E:r:g zg‘dzi 128 124 12
sequence lengths, respectively. pre Il , as the entire input Vector width 32 16 4 128
sequence needs to be multiplied by all the parameters, it is Losciftgﬂfcf;fz%) 1619216 16 8016 1288191228
usually bounded by compute. ldecoding each new token Global buffer (MB) 40 ) 16384
needs to be multiplied by all the parameters and concatenated MG'Oba' bt;lffedf (_t;ytthe?/TCE';;)) 51220 41026 490

. . . emor anawi S, . -
to the KV cache, saecodingis usually bounded by reading Memgry capacity (GB) 80 64 .
parameters and KV cache. Device-device bandwidth (GB/s 600 300 162.5

Latency and throughput are the key metrics to evaluate
LLM inference systems. For interactive use cases such as chat-
bots [49], it is imperative to optimize latency. For backgroun@n a hardware system, two inputs are needed: the computa-
data processing use cases such as data wrangling [42] or féignal graph of the LLM and dardware description (Sec-
processing [9], throughput is more important. The tradedipn IlI-A). Given the input, theperformance model (Sec-
between latency and throughput is determined by batch sitien 1lI-B) generates a performance report. Theapper
larger batch increases throughput at the cost of higher lateregnducts a parameter search along with #rehitecture

simulator to nd the best mapping and scheduling scheme.

C. Parallelizing LLM Inference At the same time, tharea model (Section 1ll-D) generates

Due to the large volume of compute and memory operatiori§e area and cost report.
it is bene cial to parallelize LLM inference across multiple .
devices. This leads to much better performance and can‘beHardware Description Template
necessary if the model's parameters along with the KV cacheThe hardware description template of LLMCompass is
do not t in a single device's memory. For LLM inference,introduced below, as shown in Figure 3:
there are two model parallelization schemes: pipeline paral- p system (e.g, a DGX node) is composed of multiple
lelism and tensor parallelism. In pipeline parallelism, different  javices connected through a device-device interconnect
layers of the model are grouped into sequential partitions and (e.g, NVLink or In nity Link).
assigned to different devices like a hardware pipeline. This Eachdevice(e.g, a GPU) is composed of multiple cores,

scheme has the effect of considerably increasing throughput 5 shared global buffer, and an off-chip main memory. The
at the expense of increased latency. On the other hand, tensor global buffer (e.g, L2 cache in NVIDIA GPUSs) is con-

parallelism, as proposed by Megatron-LM [64], partitions
each layer of the model across the available devices, thereby
decreasing latency at the cost of frequent device-device com- £4.h core (e.g, a Stream Multiprocessor in NVIDIA

munication and synchronization. As shown in Figure 2, this GPUs) can have multiple lanes sharingogal buffer
scheme requires twall-reduce for each Transformer layer, (e.g. L1 cache in NVIDIA GPUs). The local buffer

one after the Attention block and another after the MLP block. s connected to the global buffer through the on-chip

nected to the main memory, device-device interconnect,
and all the cores.

interconnect.
[1l. LLMC oMPASS - .
_ Eachlaneis independent from each other and has its own
An overview of LLMCompass l(arge LanguageModel vector unit, systolic array, registers and control logic.

Computation Performance andArea Synthess) is shown in

Figure 1. To e\{aluate the performancmg(, throthpUt and 20ne TPUv3 core. Each TPUV3 chip has two TPUv3 cores. TPUV3 cores
latency) of running a Transformer-based large language modehin the same chip are connected by internal links.



Fig. 4: Visualization of a Matrix Multiplication in LLMCompass as in Section IlI-B1.

In existing devices, the local and global buffers are usualtyally, we simulate running an operator on the chosen hardware
on-chip SRAM: cache, scratchpad, or a combination of botim a recursive manner: we rst partition the problem into
LLMCompass doesn't distinguish between cache and scratamaller sub-problems that can tin the global buffer. The sub-
pad because the memory is explicitly managed by the mappgaoblem is then divided into smaller sub-sub-problems that can
We believe this assumption does not lose generality as a higtilyn each core's local buffer. The partitioning, mapping, and
optimized library will also carefully manage the memoryscheduling are generated by the mapper and a parameter search
The main memory is usually off-chip DRAM: HBM, DDR is conducted to nd the optimal mapping and scheduling.
memory, CXL memorygetc all of which can be described by LLMCompass always tries to nd the performance-optimal
our parameterized hardware description template. mapping to fully demonstrate the hardware capability.

We nd this hardware description is general enough to 1) Matrix Multiplication: The process of simulating a
describe the mainstream machine learning platforms of todayatrix multiplication is visualized in Figure A is aM K
NVIDIA GPUs, AMD GPUs, and Google TPUs, as shown ifnatrix with M rows andK columns. Similarly8 andC are

Table | with a sample of key speci cations listed. It is als N andM N matrices respectively. A generalized matrix
exible enough to explore future architectures. multiplication is de ned asC = AB + C.

B. Performance Model From main memory to global buffer: To maximize data

The computational graph of a Transformer is composed USe: matrix multiplication is usually caIcuIaFed in a tile—by-
a stack of Transformer layers. Each layer is composed ofi§¢ manner [34]. As shown on the left of Figure 4, matrix
series of operators, including matrix multiplicatiomgtmu), A, B, andC are divided into tiles small enough to t into
Softmax layer normalization I(ayerNorm), and activation the global buffer. In each step, o tile mx, B_tilekn ,
functions €.g, GELU [28] as in GPTs [8], [57]). In a multi- andC_tile ., are rea_d into the global buffer, thg cores then
device setup, communication primitives such alsreduce perform the computation, and the results are written back.
operators are also needed to perform tensor parallelism. Thérom global buffer to local buffer: With tiles inside the
key challenge is how to simulate the performance of differegtobal buffer, we now need to parallelize the computation of
operators and communication primitives on a given hardwafe tile mn = A_tile ni B _tilex,n + C_tilem;n on multiple
system - this requires knowledge about the hardware ag@res. As shown in the middle of Figure 4, these tiles are
how to map and schedule operators on a multi-level compdtéther divided into smaller sub-tiles to t in each core’s local
system with a multi-level memory hierarchy. buffer. It then becomes a scheduling problem to map sub-tiles

To solve this, LLMCompass introduces a mapper and &fito cores.
architecture simulator to build a performance model. Concep-The right of Figure 4 shows two possible schedule schemes:



Schedule Scheme 1Different cores working on different three-dimensional data. As each dimension requires tiling and
C_subtiles in the same column. Aivave Q ascore 0 scheduling, the mapper search space is much small&hey
and core 1both need to read the sanBe subtile, their do not use systolic array® SoftmaxandLayerNorminvolves
memory access to the global buffer should be mergegductions to calculate the sum, mean, or max. Therefore, the
In our simulator, this memory access merging is autechedule scheme needs to consider that the reduction can be
matically identi ed and taken care of. As the same coreither performed within one core or might be splitted across
keeps updating the san@ subtile, there is no need to different cores. For the reduction within each core, a reduction
rst write the partial result and then read it from thetree is implemented. Inter-core reduction is implemented with
global buffer. ThisRead-After-Writedependency is also atomic operationsSoftmaxis implemented with the online
automatically taken care of by the simulator. algorithm [39]. GELU is approximated wititanh [28].
Schedule Scheme Different cores working on the same
C_subtile. Core 0 and core 1 rst read the data and C. Performance Model Validation
calculate the partial results, then perform a reduction andin this section, we validate our framework against three
write back the nal results. real hardware platforms: (1) a datacenter GPU node with 4
In reality, with more cores and more tiles, the schedule spad®/IDIA A100 SXM4 GPUs (80 GB) fully connected by
can be more complicated than the example shown in FigureNVLinks; (2) a Google Cloud TPU node with 8 TPUv3
From local buffer to lanes: Similarly, within each core, the cores connected in a 2D torus topology; (3) an AMD MI210
sub-tiles are further partitioned into sub-sub-tiles to be mapp&PUP. The results are shown in Figure 5. For NVIDIA GPUs,
to lanes sharing a local buffer. After that, the sub-sub-tiles agdJDA 11.7 and PyTorch 2.0 are used to benchmark operators
nally passed to the systolic arrays. LLMCompass leveragés half precision (FP16) withtorch.compile enabled
SCALE-Sim [61], [62], a cycle-level systolic array simulatorfor LayerNormand GELU to maximize performance. Com-
to mimic the behavior of a systolic array and get the cyckunication primitive all-reduce is benchmarked with nccl-
count. LLMCompass caches the results of SCALE-Sim intotasts [43], a communication primitive performance benchmark
look-up table to avoid duplicated simulation. A reduction wilfor NVIDIA GPUs. For Google TPUs, JAX 0.4.18 is used
be performed by the vector unit if needed. to benchmark operators and communication primitives. Due
Mapper: A parameter search is performed by the mappé® the hardware feature of TPUBlatmulis benchmarked in
to determine the best tiling scheme and schedule schel@atl6 (BF16) and all the other operators are in FP32. For
To overlap computation with memory accesses, we also afiiflD GPU, ROCm 5.4.2 and PyTorch 2.0 are used along
software pipelines (double buffering) at each level of theith FP16 for Matmul and FP32 for other operators. The
memory hierarchy as scheduling options. The downside kgrnel launch overhead including the framework overhead is
enabling software pipeline is that it requires extra buffer spateeasured by running the operator with an input of size 1.
so the maximal tile size will be reduced, causing potentially As shown in Figure 5, foMatmul Softmax LayerNorm
lower utilization of systolic arrays. However, we nd softwareGELU, andall-reduce LLMCompass achieves an average er-
pipeline to be bene cial in most cases. ror rate of 9.0%, 12.0%, 13.8%, 5.0%, and 14.9% respectively.
2) Communication Primitives We use the link model as For LLM inference, LLMCompass achieves an average error
in AHEAD [1] and LogGP [4]. Supposk is the link latency, rate of 0.69% and 7.5% faore Il and decodingrespectively.
O is the additional overhead associated with the data transfen average, LLMCompass achieves a 10.9% error rate
andB is the link bandwidth. The latency to transfem bytes for different operators at various input sizes and a 4.1%
of data through a link is expressed in Equation 1 and 2: error rate across the pre |l and decodingstages.

T=L+0+ fn 1 GELU is more accurate than other operators because it is
B B @) element-wise and easy to simuldtayernormandSoftmaxare

n L less accurate because of the reduction involvddreduceis
n= ———  Flit_size+n (2)

less accurate probably because of unidealed hardware. Matrix
multiplication is accurate (except for small ones on AMD
On top of this, we implement ring all-reduce [52], whichv|210 as in Figure 5b) because it is highly optimized on those
is a bandwidth-optimal all-reduce algorithm. We use a 1fmrdware platforms. As matrix multiplication is the dominant
byte Flit _size and a 256-byteMaxPayload based on part of most of the models today, a validity of performance
NVLinks [18]. We don't model more communication prim-across different types of models can be achieved.
itives as LLM inference only requireall-reduce for tensor Although not a perfect match to real-world hardware,
parallelism andpeer-to-peerfor pipeline parallelism. LLMCompass is able to show a similar trend that a naive
3) Other Operators We also modeBSoftmaxLayerNorm oo ine model fails to show. For example, in Figure 5e, as the
and GELU following a similar methodology as in Sec-reduction dimension of.ayerNormincreases to an extreme,
tionlll-B1. The differences are as follows: These Operators the throughput should drop due to the increasing reduction

have fewer dimensions and are therefore simp&oftmax cost. LLMCompass is able to catch this trend.
and LayerNormoperate on two-dimensional data, aG&LU

operates on one-dimensional data, wiMatmul operates on  3we set the frequency to 1400 Mhz to avoid frequency uctuation

MaxP ayload



(c) Softmaxwith N = 4096.

(a) Matmul with M = 8192. (b) Matmulwith N = K =12288.

(f) Softmaxwith M = 4096.

(d) LayerNormwith N = 4096. (e) LayerNormwith M = 4096.

(9) GELU. (h) All-reduce

(k) GPU DecodingLatency. () TPU DecodingLatency.

(i) GPU Pre Il Latency. (j) TPU Prell Latency.

Fig. 5: Performance Model ValidationMatmul takes aM K (M rows andK columns) and & N matrix as input.

12288 is the model dimension of GPT-3 [oftmaxand LayerNormtake aM N matrix and perform normalization on

the N dimension.Pre Il latency is measured by running one layer of GPT-3 with batch size 8 and sequence length 2048.
Decodinglatency is per GPT-3 layer per output token and is measured by the latency of generating the 1024th output token
with batch size 8 and input sequence length 2048. For (a)-(g), a single GPU/TPU device is used. For (h)-(l), the 4-A100 GPU
node and 8-TPUv3-Core TPU node are used with tensor parallelism.

Cores in NVIDIA GPUs and Matrix Cores in AMD GPUs
are simulated as systolic arrays in LLMCompass, which
may not be true in reality.

Lack of software knowledge. We don't know how op-
erators and communication primitives are implemented
on these platforms as they are closed-source libraries.

LLMCompass' results are totally interpretable without in-
corporating any fudge factor and we believe this interpretabil-
ity is more important than perfectly matched results. Here are
some possible causes of the mismatch between LLMCompass
and real hardware:

Lack of hardware knowledge. We have little knowledge

about the micro-architecture of GPUs and TPW@sy(

hardware pipeline design or scheduler design). With a
large input size, the hardware is well utilized and some
overhead can be hidden. However, with a small input
size, it's hard to hide the overhead and micro-architecture
details affect performance signi cantly. Also, the Tensor

We conduct a thorough parameter search for each in-
put size to maximize performance, but in reality those
libraries probably use heuristics to determine mapping
and scheduling, which may not be optimal at all input
sizes é.g, we nd that for a Matmul with M = 64
andN = K = 12288, AMD MI210 is less than 25%
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