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Figure 1: Performance of different methods of the same
DNN task on NVIDIA GeForce RTX 2080Ti. PyTorch runs
the computation graph sequentially and gets the worst la-
tency 0.40 ms. TASO (Jia et al. 2019a) optimizes the com-
putation graph aggressively while still launching the com-
putation graph sequentially. Our method fuses the element-
wise operators and keeps the parallel branches while using
multiple streams, achieving the best latency of 0.29 ms.

combining multi-stream and fine-grained scheduling in the
runtime stage. These advancements demonstrate the superi-
ority of the parallel paradigm in many scenarios.

Despite the successes of the inter-operator parallelism on
GPUs, existing graph optimization methods are limited by
their unawareness of the runtime system. The optimization
is only guided by a naive performance estimation for graphs
without runtime feedback. The cost of a node in the graph is
the execution time of the corresponding operator on GPUs,
and the cost of the whole graph is the total costs of all the
nodes in it. Such metric ignores parallel kernel launch sce-
nario and leads the optimization in the wrong direction. For
example, given the DNN task in Figure 1a, PyTorch emits
each operator to a single stream (PyTorch 2022) and exe-
cutes them sequentially. TASO (Jia et al. 2019a) enlarges
the kernel size from 1 × 1 to 3 × 3 by padding with zeros,
then fuses the two convolutions to generate the functionally
equivalent graph in Figure 1b. It has a better cost in terms of
the sum of the execution time of operators, but it breaks the
inter-operator parallelism. Therefore, the actual deployment
performance is unsatisfying. Our method fuses the element-
wise operators but keeps the parallel branches. Each branch
is assigned to an independent GPU stream (CUDA 2022),
with proper synchronization inserted to satisfy data depen-
dency. It achieves the best performance, as shown in Fig-
ure 1c.

To mitigate the above issues, we present AutoGraph to op-
timize computation graphs for parallel kernel launch frame-
works by a unified approach that uses both customized cost
function and accurate runtime information. The major con-
tributions of this paper are: (i) we propose a mixed criti-
cal path cost for fast estimation, which reflects the computa-
tion graph performance on the parallel kernel launch frame-
work. (ii) A novel dynamic programming algorithm, com-
bined with backtracking search, is proposed to find promis-
ing candidates for on-board measurements. (iii) We intro-
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Figure 2: A typical substitution rule r.

duce accurate runtime information in the optimization flow.
The latencies of selected candidates based on GPU Multi-
Stream launched with CUDA graph determine the conver-
gence of the optimization. (iv) We evaluate AutoGraph on
representative DNN models. The results demonstrate that
AutoGraph outperforms existing graph optimization meth-
ods with speedup ranging from 1.04× to 3.47×. Moreover,
AutoGraph achieves 1.06× to 1.26× speedup over state-of-
the-art parallel kernel launch frameworks.

Preliminaries
Computation Graph Optimization. A DNN model is de-
fined by a directed acyclic computation graph G = (V,E),
where V represents the set of nodes, E is the set of edges.
An edge (u, v) ∈ E represents a tensor that is the output
of node u and the input of node v. Following prior arts (Jia
et al. 2019b; Fang et al. 2020), we introduce the concept of
the graph substitution rule which defines how to replace a
subgraph with a functionally equivalent one. A substitution
rule contains two templates, the source graph and the tar-
get graph. For any valid inputs, they output the same results.
Following the one-to-one matching between the input and
output nodes, the source graph can be replaced by the target
graph without any influence on the computation results. We
denote a graph substitution rule as r. A typical substitution
rule is shown in Figure 2.

To apply the rule r to a computation graph G, we have to
find a subgraph ofG that can match up with the source graph
in r. To guarantee such substitution is valid, each node in the
source graph can only be mapped to a node with the same
type. Additional constraints on operators can be included to
confine the mapping. For example, the nodes of the source
graph in Figure 2 can only be mapped to convolution oper-
ators with same padding, stride and kernel size. After find-
ing such mapping, we can replace the subgraph of G with
the target graph in r, and the newly generated computation
graph will compute the same results as G. Different substi-
tution rules can be performed repeatedly to form complex
graph optimization, as shown in Figure 1.

Parallel Kernel Launch. GPUs support parallel kernel
execution by using multiple streams (CUDA 2022). A sin-
gle stream is a sequence of kernels that execute in order,
while the multiple streams can execute their kernels in par-
allel with higher utilization of memory and computation re-
sources. When launching DNN models in multiple streams,
explicit synchronizations across streams are needed to sat-
isfy the data dependencies of some operators since opera-
tions from different streams can execute in any relative or-
der. CUDA Graph (CUDA 2022) is the ideal multi-stream

F Sequential kernel execution is of low efficiency.
F Existing graph optimization methods break the inter-

operator parallelism.
Our Contributions:
F We propose a novel dynamic programming + back-

tracking search algorithm to find optimization solu-
tions efficiently.

F Leveraging customized cost and multi-stream, our
method achieves the SOTA performance.
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F Reduce the search space while maximizing opti-
mization opportunities.
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F We propose the mixed critical path cost as the se-
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Backtracking Search

F Optimize the current
subgraph with backtracking
search and reduce the
problem to a sub-problem.

On-board Verification
F We leverage GPU multi-stream to exploit the inter-

operator parallelism of the computation graph.

Results
End-to-end Model Inference LatencyTable 1: DNN Models Used in Our Experiments.

Type Name block# input shape

CNN

Inception-v3 11 [1, 3, 299, 299]
ResNet-50 16 [1, 3, 224, 224]

ResNeXt-50 16 [1, 3, 224, 224]
NasNet-A 18 [1, 3, 224, 224]

NasNet-Mobile 12 [1, 3, 224, 224]

RNN RNNTC-SRU 10 [1 × 10, 1024]

Transformer BERT 8 [16 × 64, 1024]

Table 2: Model inference latency results (ms).

Model JIT TASO+JIT IOS Nimble TASO+Nimble Ours

Inception-v3 8.839 7.819 3.788 3.174 2.928 2.799
ResNet-50 4.566 4.554 3.284 2.144 1.988 1.905

ResNeXt-50 7.540 7.369 3.056 7.708 5.933 2.892
NasNet-A 13.891 10.843 9.583 6.483 13.086 5.850

NasNet-Mobile 10.155 8.085 3.821 2.320 6.540 1.883
RNNTC-SRU 1.496 1.307 - 0.486 0.387 0.387

BERT 11.011 9.026 - 6.923 6.473 6.240

and ResNet-50 (He et al. 2016) are widely used networks
for image classification. ResNeXt-50 (Xie et al. 2017) in-
troduces a new grouped convolution operator to replace the
residual block and improves the model accuracy. NasNet-A
(Zoph et al. 2018) and NasNet-Mobile (Zoph et al. 2018)
are the representative CNN models with complicated model
structures discovered by neural architecture search. RNNTC
(Lei et al. 2017), a model for natural language processing
tasks, is also tested. It is a sequence-to-sequence RNN model
built on the simple recurrent unit (SRU) (Lei et al. 2017).
BERT (Devlin et al. 2018), i.e., Bidirectional Encoder Rep-
resentation from Transformers, is a powerful model which
stacks the complicated transformers and has obtained state-
of-the-art results on many tasks.

End-to-end model inference latency is adopted as the per-
formance metric. We compare our method with both sequen-
tial and parallel kernel launch frameworks. All the frame-
works are based on cuDNN libraries for fair comparisons.
PyTorch (Paszke et al. 2019) is the most widely adopted
development tool and the representative sequential kernel
launch framework. We use PyTorch with Just-In-Time com-
pilation (PyTorch-JIT 2022) to enhance the inference per-
formance. Nimble (Kwon et al. 2020) and IOS (Ding et al.
2021) are the state-of-the-art parallel kernel launch frame-
works, which exploit inter-operator parallelism extensively
to accelerate model inference. To compare with existing
graph optimization methods, we transform the optimized
computation graphs found by TASO (Jia et al. 2019a) to
formats accepted by PyTorch-JIT and Nimble to obtain the
end-to-end latencies. They are also included as baselines.

In our method, the 157 substitution rules from TASO (Jia
et al. 2019a) are used as the substitution rule set R. The cor-
rectness of these rules has been verified. We set α = 0.25 as
the weight of critical path cost and set β = 1.1 for the back-
tracking search. The lower threshold SizeL and the upper
threshold SizeU are set as 40 and 120, respectively. In each
iteration, the top-20 candidate graphs are collected for on-
board verification. The optimization results are not sensitive
to most of the hyperparameters. Detailed ablation studies on
the hyperparameter settings are provided in the appendix.

End-to-end Performance
We compare the end-to-end inference performance of the
benchmark models between our method and the baselines.
We adopt the same inference setting with (Jia et al. 2019a;
Kwon et al. 2020; Ding et al. 2021) for a fair comparison.

The experimental results are shown in Table 2. JIT in Ta-

ble 2 represents PyTorch with JIT optimization. We conduct
each model inference 50 times and report the average perfor-
mance. Our method consistently obtains the best results on
all the benchmark models, which demonstrates the signifi-
cant advantages of our framework over the baselines. Com-
pared with PyTorch-JIT (Paszke et al. 2019) and PyTorch-
JIT with computation graphs optimized by TASO (Jia et al.
2019a), our method achieves huge speedup, demonstrating
the necessity to make use of inter-operator parallelism. In
the parallel kernel launch scenario, our method outperforms
the state-of-the-art frameworks IOS (Ding et al. 2021) and
Nimble (Kwon et al. 2020) on all benchmark models with
speedup ranging from 1.06× to 1.26×, which proves that
exploiting graph optimization and inter-operator parallelism
simultaneously can further improve the inference perfor-
mance. IOS (Ding et al. 2021) only supports CNN model
execution, therefore the latency results of IOS for RNNTC-
SRU and BERT are unavailable. Compared with applying
TASO (Jia et al. 2019a) to Nimble (Kwon et al. 2020), our
method achieves speedup ranging from 1.04× to 3.47× on
the benchmark models. This significant performance gain
comes from our customized cost and accurate runtime infor-
mation, which helps our framework find the most suitable
graph optimizations for the parallel kernel launch runtime
system.

Case Studies for Graph Optimizations
To understand how our method finds better optimized com-
putation graphs compared with baselines, we exemplify the
NasNet and ResNeXt in detail.

Figure 8 illustrates the different optimization choices be-
tween our method and TASO on NasNet cell. Due to the
naive cost function, TASO accepts any graph substitution
rule which reduces the total cost of all the operators. As a
result, TASO applies all the three substitutions for each cell
in the network and transforms the multi-branch structures
into a single link with large kernels. The reduction of kernel
launch overhead fails to offset the extra computation work-
load induced by these fused operators. These large kernels
accumulate in the critical path and cause significant perfor-
mance degradation on parallel kernel launch runtime system.
Therefore, TASO fails to find computation graphs with im-
proved performance for NasNet-A and NasNet-Mobile on
Nimble, only achieving poor performance of 13.086 ms and
6.540 ms, respectively. With the help of the mixed critical
path cost and the advanced DP-based optimization method,
our method rejects the two substitutions which break the
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