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Core Questions:

1. How does Gaudi-2 hardware 
performance compare to NVIDIA 
A100?

2. Is Gaudi-2 programmable enough 
for real-world optimization?

3. Is CUDA itself the moat, or is it 
something else?

Key Contributions:

1. First comprehensive 
characterization of Gaudi NPU 
(performance + programmability)

2. Novel microbenchmark suite for 
NPU evaluation

3. Two detailed case studies on 
optimization strategies

4. Energy efficiency analysis for 
production workloads
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Example code showing how a matrix 
multiply-add operation can be 
programmed for execution on an NVIDIA 
GPU and Intel Gaudi. 

(a) At the PyTorch level, the corresponding 
low-level kernels are executed based on the 
device type (i.e., GPU (“cuda”, line 9) or 
Gaudi (“hpu”, line 12)).

In NVIDIA’s CUDA, the matrix 
multiply-add operation is performed 
within a single kernel launch using 
the WMMA APIs, which leverage 
Tensor Cores alongside SIMD Cores.
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In Gaudi, the GEMM operation can only be handled at the PyTorch 
level (line 14 in (a)), so a TPC-C kernel (add_tpc) is called at the 
PyTorch level to execute the subsequent add operation.

Example code showing how a matrix 
multiply-add operation can be 
programmed for execution on an NVIDIA 
GPU and Intel Gaudi. 

(a) At the PyTorch level, the corresponding 
low-level kernels are executed based on the 
device type (i.e., GPU (“cuda”, line 9) or 
Gaudi (“hpu”, line 12)).
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Key takeaway #1: 
When performing GEMM, Gaudi-2 achieved both higher absolute 
performance and greater compute utilization than A100. 
This superior GEMM performance and efficiency can be attributed not only 
to Gaudi-2’s higher max compute throughput but, more importantly, to the 
configurability of the Gaudi-2 MME, which enables its systolic array to 
flexibly adapt its geometry to be most optimal for the target GEMM’s 
(M,K,N ) shape.
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Key takeaway #2: 
Due to the 3.5× performance gap in vector math throughput, Gaudi-2 falls 
short of A100 in terms of absolute non-GEMM performance. However, in 
terms of compute “efficiency”, Gaudi-2 is comparable to A100 across all 
evaluated microbenchmarks, demonstrating the competitiveness of its 
design.
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Figure 8: Compute 
throughput of ADD, TRIAD, 
and SCALE over a vector 
with 24 million scalar 
elements (BF16). The effects 
of (a) data access granularity 
and (b) unrolling factor on a 
single TPC’s throughput are 
shown in figures (a and b). 
In (c), we scale out the 
number of TPCs by weak 
scaling the three 
microbenchmarks.

The left axis on figures (d, 
e, and f) illustrate the 
compute throughput when 
the operational intensity of 
(d) ADD, (e) SCALE, and (f) 
TRIAD is artificially 
increased. The right axis on 
these figures (d, e, and f) 
shows the compute 
utilization when Gaudi-2 
and A100’s compute 
throughput peaks at its 
saturation point.



Key takeaway #3: 
Gaudi-2 provides competitive memory performance for regular data 
transfers with streaming access patterns. However, for random memory 
accesses like vector gather-scatter, Gaudi-2’s performance falls short of 
A100’s when the data transfer size is smaller than its 256-byte minimum 
access granularity.

1802 Performance 



1902 Performance 



Key takeaway #4: 
The system-level collective communication performance of Gaudi-2 based 
system falls short of A100, not because of the limitations of the Gaudi-2 
processor architecture itself, but because of its lack of an all-to-all network 
switch provisioned in NVIDIA’s DGX A100 system. This switch enables A100 
GPUs to more flexibly exploit intra-node network bandwidth, regardless of 
the number of devices involved in communication, a feature that is 
currently missing in Intel Gaudi-2 systems.
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Key takeaway #5: 
LLM serving is primarily dominated by matrix multiplications, so Gaudi-2 
demonstrates superior energy-efficiency than A100, achieving an average 
48% and 52% improvement for single- and multi-device serving, 
respectively. However, RecSys relies on vector gathers and small MLP layers, 
so Gaudi-2 generally lags behind A100 with an average 20% performance 
slowdown and an average 28% drop in energy-efficiency.
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Figure 12: (a) Gaudi-2’s improvement 
in performance over A100 when the 
Llama-3.1 models are served on a 
single device and on multiple devices. 

(b) For the Llama-3.1-8B-Instruct 
model served on a single device, we 
divide the latency into prefill and 
decoding stages, keeping the batch 
size fixed at 64. 

The left graph shows the latency 
breakdown when the input length is 
fixed at 100 while varying the output 
length.

The right graph shows the breakdown 
when the output length is fixed at 
100 while the input length is varied.
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Key takeaway #6: 
This case study confirmed that the TPC-C programming system provides a 
sufficient level of flexibility for low-level performance optimizations. 
Compared to state-of-the-art FBGEMM-based A100 executions, our Gaudi-2 
optimized kernel for embedding layers achieved, on average, 95% of the 
throughput of A100 for large embedding vector sizes (≥256 bytes) but only 
47% for small vectors (<256 bytes). The noticeable performance 
degradation for small vectors primarily stems from A100’s superior hardware 
architecture (which better supports fine-grained memory accesses) rather 
than from the differences in the programming models.
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Figure 14: Block diagrams 
illustrating 
(a) SingleTable embedding lookup 
operation, which processes 
embedding tables sequentially with 
loop unrolling to improve 
throughput, and 

(b) BatchedTable embedding 
lookup operation, which 
consolidates multiple tables into a 
single large table, enhancing 
memory bandwidth utilization at 
lower batch sizes by treating each 
table with offset-based indexing.
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Key takeaway #7: 
This case study showed that, while Gaudi SDK’s current lack of support for 
directly programming MMEs within the low-level TPC-C kernel imposes 
restrictions on programmer flexibility, graph compiler can still effectively 
capture the appropriate level of parallelism to better utilize its compute 
resources when programmed properly at the PyTorch level. Consequently, 
while the performance-optimized Gaudi vLLM achieved 45% of the 
performance of a GPU-optimized vLLM, Gaudi-2’s end-to-end LLM 
performance was shown to be competitive to A100.
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Figure 16: High-level overview of 
the PagedAttention implementation 
and its execution timeline in 

(a) baseline vLLMbase and 

(b) performanceoptimized vLLMopt 
.
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(a and b) Effectiveness of vLLMopt on improving the performance of 
PagedAttention vs. vLLMbase (results are normalized to vLLMbase ): 

(a) we vary the input sequence length and batch size and measure 
output token generation latency (fraction of zero-padded indices are 0% 
in this experiment), and 

(b) under the sequence length=4K and batch size=32 datapoint in (a), 
we vary the proportion of zero-padded indices in BlockTable from 10 to 
90% to evaluate the effect of redundant KV cache block gathers.

In (c), we show how much 
PagedAttention’s throughput improves 
with vLLMopt by comparing it to the 
A100, with results normalized to the 
A100.
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In (d) and (e), we sweep the maximum decode stage batch size [80] and present 

(d) the changes in end-to-end serving throughput and 

(e) the observed mean TTFT (Time-To-First-Token) and mean TPOT 
(Time-Per-Output-Token) values. The results are collected on a single vLLMopt 
based Gaudi-2 and A100. To properly reflect LLM serving system’s dynamism and 
variable output length, we used the Dynamic-Sonnet dataset [13].
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Final Thoughts:

● Intel's Gaudi-2 has the potential to be a strong 
contender in the AI server market, especially for 
LLM-centric workloads.

● Its success will depend less on winning over 
low-level programmers and more on Intel's ability 
to provide a flawless, high-performance software 
experience within major AI frameworks.

Future Work mentioned in the paper:

● Comparison against other 
hardware (AMD GPUs, other 
NPUs).

● Evaluating performance on 
large-scale AI training scenarios.
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Accelerator Announce → GA HBM (capacity / BW) Scale-out fabric Typical 2024–2025 pricing signal*

Intel Gaudi 2 May 10 2022 → 2022 96 GB HBM2e / 2.45 TB/s 24×100 GbE on-chip 8-GPU kit $65k (Intel ref) 

Intel Gaudi 3 Apr 9 2024 → 2H 2024 128 GB HBM2e / 3.7 TB/s 24×200 GbE on-chip 8-GPU kit $125k (Intel ref) 

NVIDIA A100 May 14 2020 → 2020 40/80 GB HBM2(e) / 1.6–2.0 TB/s NVLink + IB/Ethernet DGX A100 $199k (8×A100 system at launch) 

NVIDIA H100 Mar 2022 → Sept 2022 prod 80 GB HBM3 (3.35 TB/s); NVL 96 GB NVLink + IB/Ethernet $27k–$40k per GPU (range) 
$216k–$320k x8 (range) 



Thank You!

39



Questions?
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