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• AMD Versal is a new heterogeneous computing hardware 
architecture comprised of adaptive intelligence (AI) engines, 
programmable logic, and a processing system. 

• General Matrix Multiplication (GEMM) is the fundamental building 
block of modern deep learning (DL) applications such as Chat-GPT, 
and GEMM workloads can be mapped onto Versal in different ways, 
each with distinct trade-offs. 

• We present a thorough analysis of GEMM workloads of different 
shapes and sizes, showcasing performance artifacts associated 
with the AMD Versal architecture. 

• Focusing on the unique aspects of the Versal architecture, We 
analyzed workload scaling, sensitivity to the hardware architecture 
parameters and, system efficiency.
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Conclusion

Performance for workloads from popular DNNs

PL transfer (green) dominates the overall time, making the
workload memory bound.

Guidance on the number of AIEs: Using the maximum
number of AI engines for a problem may not always lead to
better performance. The off-chip memory bandwidth (DRAM
BW) and the on-chip communication bandwidth (PLIO BW)
can limit performance as shown in Figure 10. Different AIEs
can run different kernels in parallel, unlike SMs in a GPU.
Thus, after all DRAM bandwidth has been consumed by
compute kernels, the remaining AIEs can be used for tasks that
do not need DRAM. For instance, tasks such as partial sum
reduction and element-wise operations on the data generated
by the compute AIEs could be more appropriate.

H. Effect of PLIO on performance

PLIO facilitates data transfer between PL and AIEs. Section
IV-A delves into communication methods, such as packet
switching and circuit switching. Packet switching facilitates
communication with multiple AIEs, but it does so in a sequen-
tial manner, whereas circuit switching is only applicable for
data broadcasting. In this experiment, we analyze the impact
of PLIOs on GEMM performance. Every single PLIO port is
configured with a bus width of 128-bit. We fix the number of
AIEs to 16 and vary PLIO usage from 3 to 36 for FP32,
and 3 to 34 for INT8. Figure 12 illustrates the impact of
varying PLIOs for configurations C1 (FP32) and C7 (INT8).
For each of the twelve PLIO count values (shown on the x-
axis), different connectivity schemes (packet switching, circuit
switching, or a mix) are used to maximize performance for that
PLIO count. Due to space constraints, we show four of these
schemes in Figure 11.

Figure 11(a) contains three PLIOs: two for input matrix A
and B and one for output matrix C. Here, packet switching
is the only communication method that can meet the GEMM
application’s requirements. The 16th AIE has to wait 16 time
steps, resulting in the longest execution time for this scheme.

Figure 11(b) contains seven PLIOs: two for input matrix
A, four for input matrix B, and one for output matrix C. Input
matrix A uses a combination of circuit and packet switching
because the rows of matrix A can be reused for the columns in
matrix B, enabling broadcasting or circuit switching, whereas
the data across the reduction axis is packet switched. Input
matrix B uses four PLIOs representing different columns of
B, and the reduction axis is packet switched across the AIEs.
This approach overlaps compute and data transfer across AIEs
for all discussed FP32 configurations.

Figure 11(c) contains 14 PLIOs: eight for input matrix A,
four for input matrix B, and two for output matrix C. Input
matrix A has eight PLIOs that each packet switch between two
AIEs. Input matrix B uses four PLIOs that combine packet
switching and circuit switching. Compared to (b), this scheme
takes advantage of reuse in matrix B instead of matrix A.
This scheme applies to all INT8 experiments in the previous
section. As INT8 is 16 times faster than FP32, more PLIOs
are needed to balance compute and data transfer effectively.

A

C

B

A

B B

A

B

A

B

C

A

B

A A

B

A

B

A

C

B

A

B B

A

B

A

B

C

A

B

A A

B

A

B

PLIO

AI Engine

Circuit Switch
Packet Switch

Cascade
Circuit & Packet Switch

(d)

B

B

A

C

B

B

A

C

B B

AA

A A

B B

AA

A A

(c)

C

B

A

(a)

(b)

C

Fig. 11: Four of the 12 schemes used for understanding the effect
of PLIOs on performance. The design employs 16 AIEs across all
schemes. Scheme (a) exhibits the lowest PLIO utilization, resulting
in poor performance. Schemes (b) and (c) achieve a balance between
PLIO usage and performance, while scheme (d) demonstrates maxi-
mum PLIO utilization.

Fig. 12: GEMM performance sensitivity to number of PLIOs used.
For FP32, 7 PLIOs, and for INT8, 14 PLIOs, provide the optimal bal-
ance between resource efficiency and performance. Results obtained
using aiesimulator.

Figure 11(d) contains 36 PLIOs: 16 for the input matrix
A, 16 for the input matrix B and 4 for the output matrix C.
Each AIE has its own PLIO. High PLIO utilization allows for
higher parallel data transfer, showing the best performance.

Thus, our experiment shows that as we move from three
PLIOs to 36 PLIOs, performance improves by 4.63x for FP32
and 6.60x for INT8.

Guidance on using PLIO: The amount of PLIO used can
dictate the performance of AIE kernels. Adding more PLIOs
yields diminishing returns (Figure 12). More AIE usage will
typically mean more PLIO usage. Therefore, high PLIO usage
per AIE can lead to unutilized AIEs.

TABLE III: Selected GEMM workloads from popular DNNs

Workloads M K N ID
BERT 3072 4096 1024 B1
ViT 3072 1024 4096 V1

Llama2-13B 13824 5120 4096 L1
Llama2-34B 6656 20480 4096 L2

Llama2-70B
8192 128 3584 L3
4000 256 8192 L4

Impact of different communication schemes between 
AIEs on GEMM
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AIE array connectivity style for GEMM workloads 
from CHARM [1]. Packet switching and circuit 

switching are used for communicating Matrix A 
and Matrix B to AIEs. The cascade interface is 

used to communicate partial sums. 

GEMM tiling. The three tiling levels involve 
transferring matrices A and B from DRAM to PL, 

and subsequently to AIE. 

FP32 kernels achieve efficiency from 
70% to 98%. Workloads with higher 
communication time compared to 
compute time show low efficiency. 

For INT8, only a few kernels show high 
efficiency. Due to high INT8 compute 

throughput most of the kernels are 
communication bound.

Strong scaling performance for 
a workload size of 

4096x4096x4096 for various 
configurations of the AIEs. The 
execution latency decreases 

exponentially from left to right. 

In weak scaling the workload scales with the 
number of AIEs. The execution time increases for 

configurations towards the right for both FP32 and 
INT8. This observed rise in overall time can be 

attributed to the increased memory transactions 
while the computation time remains constant.

Latency increases by 
32% using single buffers 
and 1% for double buffer. 
Via-Switch connections 
instead of near-neighbor 
cascade connections 
show 3% increase in 
latency for near engines 
and 4.3% for far engines. 

Fig. 8: (a) Comparison of AIE communication schemes: Double
buffering and nearby via-switch connections achieve latencies similar
cascade. Results obtained using aiesimulator. (b) Strong scaling
performance analysis. Workload size used is 4096x4096x4096 for
each configuration. Results obtained using hardware runs. Strong
scaling results updated with 4r2w DDR BW

relax placement constraints and use switches to communicate
with far-off AIEs using streams. (Figure 8 (a))

For the next set of experiments, we define a set of hardware
configurations with implementations based on CHARM. Each
configuration has a unique number of AIEs, which determines
the number of PLIOs used in the design and the resulting
native size. We have six configurations for FP32 and five con-
figurations for INT8, as shown in Table II. All configurations
use 4r2w DDR port setup to support 34 GB/s BW.

TABLE II: Hardware configurations involving multiple AIEs

Configuration Precision # AIEs Native Size # PLIOs
C1 FP32 16 32x128x128 7
C2 FP32 32 64x128x128 10
C3 FP32 64 128x128x128 20
C4 FP32 128 128x256x128 36
C5 FP32 256 256x128x256 64
C6 FP32 384 384x128x256 96
C7 INT8 16 128x256x128 14
C8 INT8 32 128x256x256 20
C9 INT8 64 256x256x256 40
C10 INT8 128 256x512x256 72
C11 INT8 256 256x512x512 112

E. AIE strong scaling analysis

Figure 8 (b) shows the performance scaling for a workload
size of 4096x4096x4096 for various configurations of the
AIEs. Execution time shown is measured on hardware. The
graph depicts a strong scaling scenario wherein the workload
remains the same, but the number of AIEs increases from left
to right. The execution latency decreases exponentially from
left to right. Same effect seen with an INT8 workload also.

F. AIE weak scaling analysis

Figure 9 shows execution time as the number of AIEs
increases. The workload here scales with the number of AIEs.
The execution time increases for configurations towards the
right for both FP32 and INT8. The maximum difference for
FP32 and int8 is 100 % and 1.4x, respectively. The time
consumed by reading and writing back results increases with
workload size. This observed rise in overall time can be
attributed to the increased memory transactions while the
computation time remains constant.

Fig. 9: Weak scaling performance analysis. Workload size is the same
as native size for each configuration. Results obtained using h/w runs.
Figure updated with 4r2w DDR BW.

Fig. 10: Analysis of execution times for different hardware setups. A
breakdown chart can reveal the specific performance limitations for
each configuration. Workload size = 2048x2048x2048. (Top = FP32,
Bottom = INT8). Results obtained using analytical model. Figure
updated with 4r2w results. HW time is old and need to be updated

G. Multi AIE execution breakdown analysis

We extensively analyze the communication and computing
aspects of the Versal architecture for various workload sizes
mapped to multiple AIEs. Figure 10 shows the execution time
and breakdown for a workload size of 2048x2048x2048 in
various configurations for both FP32 and INT8 precision. As
the number of AIEs increases, a strong scaling behavior is
observed, similar to Figure 8 (b). The observed HW execution
time is close to the time reported by our analytical model
for different configurations. The breakdown consists of the
time consumed by DRAM communication (green), the PL
and AIE communication, and the computation on the AIE.
The AIE cycles (blue) consist of AIE compute cycles and
exposed communication cycles between PL and AIE. Even
though the AIE compute and data transfer between PL and
AIE is overlapped in the kernel implementation, there is some
exposed non-overlapping time spent in data transfer from PL
to AIE. This overhead is repeated once for each DRAM tile
transfer from PL to AIE. This makes it directly proportional
to the number of tiles in DRAM. As the configuration changes
from left to right, the DRAM tiles are reduced, indirectly
reducing the non-overlapping overhead. As we move to the
right from configuration C4, the computing power of the
configurations increases significantly. As a result, DRAM to

Roofline plot on the left show workloads from 
the above table. BERT, ViT and Llama2 

(13B,34B) are compute bound while Llama2-
70B (L3, L4) are DRAM BW bound. 

Performance effect of PLIO on AIE array connectivity

(Left) 4 out of 12 schemes used for 
understanding the effect of PLIOs on 

performance. The design employs 16 AIEs 
across all schemes. Scheme (a) exhibits the 

lowest PLIO utilization, resulting in poor 
performance. Schemes (b) and (c) achieve a 

balance between PLIO usage and performance, 
while scheme (d) demonstrates maximum PLIO 

utilization. The above graph shows effect of 
different scheme on execution latency. 
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• This study provides a thorough examination of AMD 
Versal’s performance for GEMM workloads. 
• The findings demonstrate the effect of architectural 

parameters on the performance informed by carefully 
designed experiments. 
• We used SOTA implementations and their variations to 

perform this analysis. 
• The analysis yields comprehensive set of guidelines to 

assist developers in designing more efficient designs.

• AIE kernel size: Choose kernels with highest efficiency (Good 
communication to compute balance)

• AIE – AIE communication interface: Cascade for low-latency 
streaming needs and buffer for non-streaming needs.

• # of AIEs for a problem: Always consider DRAM bandwidth and AIE to 
PL interface bandwidth when designing.  

• PLIO usage: Sharing PLIO using packet switching and circuit switching 
can save PLIO resources.  

Design Guidelines

Workloads without the tiling 
overhead assuming the complete 
workload will fit in the PL memory

Workloads with tiling overhead 
considering only a single tile can fit 
in the PL memory of VCK5000.
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