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ARTICLE INFO ABSTRACT
Keywords: Generating high-performance tensorized programs for deep learning accelerators (DLAs) is crucial for ensuring
Mapping the efficient execution of deep neural networks. But, producing such programs for different operators

Code generation
Compiler optimization
Tensor computation

across various DLAs is notoriously challenging. Existing methods utilize hardware abstraction to represent
acceleration intrinsics, enabling end-to-end automated exploration of the intrinsics mapping space. However,
their limited search space and inefficient exploration strategies often result in suboptimal tensorized programs
and significant search time overhead.

In this paper, we propose GTA, a framework designed to generate high-performance tensorized programs
for DLAs. Unlike existing deep learning compilers, we first coordinate intrinsic-based mapping abstraction with
rule-based program generation strategy, followed by the application of resource-constrained rules to eliminate
ineffective tensor program candidates from the search space. Second, we employ a dual-task scheduling strategy
to allocate tuning resources across multiple subgraphs of deep neural networks and their mapping candidates.
As a result, GTA can find high-performance tensor programs that are outside the search space of existing
state-of-the-art methods. Our experiments show that GTA achieves an average speedup of more than 1.88x
over AMOS and 2.29x over Ansor on NVIDIA GPU with Tensor Core, as well as 1.49x over Ansor and 2.76xX
over PyTorch on CPU with AVX512.

1. Introduction also bridge the gap between high-level tensor programs and low-level
instructions, a process we refer to as tensorized program generation
with automatic mapping optimization. However, generating high-
performance tensorized programs for various DLAs remains challenging
for several reasons.

Firstly, inefficient exploration of the intrinsic mapping space leads

to substantial overhead in search time. For instance, mapping the 7

Recently, the successful deployment of machine learning models
has revolutionized diverse application domains, such as image recog-
nition [1-3], natural language processing [4-6], and autonomous driv-
ing [7-9]. This rapid development has created a demand for generat-
ing high-performance tensor programs for deep learning accelerators
(DLAs), such as Google TPUs [10], mobile devices [11-13], FPGAs [14-

16], and more. To accelerate machine learning, hardware vendors
have introduced domain-specific intrinsics for tensor computations,
such as NVIDIA’s Tensor Cores [17-19] and CPU’s AVX512 [20]. This
demand has led to the process known as tensorization [21], which
involves transforming computations using these intrinsic instructions.
However, hardware specialization complicates the task of generating
high-performance tensorized programs.

To support hardware intrinsic instructions across different acceler-
ators, existing methods [22-24] use unified hardware abstractions to
enable end-to-end automatic mapping space exploration. These abstrac-
tions not only convert opaque intrinsics into an analyzable format but
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loops of a 2D convolution to the 3D of Tensor Core can involve 35
different ways [22]. Current strategies [22,23] treat each mapping can-
didate equally, generating a tensorized program for each and ultimately
selecting the one with the best performance. This approach incurs
significant time overhead and is inefficient, as it fails to prioritize more
promising candidates during the exploration process. Our experiments
reveal that many mapping candidates for a given subgraph ultimately
fail to produce high-performance tensorized programs, indicating that
a large portion of the explored mappings are ineffective in optimizing
performance.
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Fig. 1. Comparison of different task scheduling strategies. Part (a): task scheduling with gradient decent. In round 1, all rasks; are executed sequentially. In subsequent rounds,
tasks; are selectively executed based on the performance gradients calculated from the feedback of each task. Part (b): sequential execution of sub-tasks without dual-task scheduling.
Part (c): slice the time and prioritize important subgraphs and intrinsic mapping candidates, meaning that not all main-tasks and sub-tasks will be executed. For example, an
intrinsic-enabled main-task; may contain both retained mapping and discarded mapping candidates. The former will proceed to subsequent tensor program optimization and tuning,
while the latter will not participate in further optimization unless they are selected in the next scheduling round. (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

Secondly, existing rule-based tensor program exploration meth-
ods [25] lack the ability to perform automatic tuning and optimization
tailored to domain-specific intrinsics. As a result, these methods often
fail in auto-tuning and produce suboptimal tensorized programs. To
overcome these limitations, there is an urgent need for more efficient
exploration of subgraph mapping spaces, along with auto-tuning strate-
gies that can effectively support domain-specific intrinsics, enabling the
automatic generation of high-performance tensorized programs.

In this paper, we introduce GTA, a new compiler framework de-
signed to generate high-performance tensorized programs. GTA auto-
matically generates an extensive search space optimized for hardware
intrinsics, simultaneously increasing the likelihood of selecting the most
efficient mapping configuration. For generating the search space, we
employ rule-based strategies to construct a large scheduling search
space and apply pruning techniques based on hardware cache resource
limitations to eliminate invalid program candidates. Finally, as shown
in Fig. 1, for search strategy implementation, we use a dual-task
scheduling algorithm to allocate tuning resources across all subgraphs
(main-task; as shown by the blue box in Fig. 1) in the neural net-
work and their intrinsic mapping candidates(sub-task; as shown by the
orange box and gray box). This algorithm prioritizes subgraphs with
greater potential for performance improvement, allocating them more
tuning opportunities, while reducing tuning efforts on less promising
mapping candidates based on performance feedback, thereby minimiz-
ing overall tuning time. In summary, this paper makes the following
contributions:

» We integrated intrinsic-based mapping abstraction with a rule-
based program generation strategy to expand the search space
significantly.

We developed and implemented an efficient dual-task schedul-
ing strategy for tensorized programs, effectively reducing tuning
efforts while enhancing performance.

We propose a compilation framework called GTA, which supports
the generation of high-performance tensorized programs at both
the operator level and the full network level on NVIDIA GPUs and
CPUs.

We implemented and comprehensively evaluated the GTA sys-
tem, demonstrating that the aforementioned techniques outper-
form state-of-the-art systems across various deep neural networks
(DNNs).

2. Background and motivation
2.1. Deep learning compilers

Deep learning compilers [21-32] have emerged as essential tools for
bridging the gap between deep learning models and diverse hardware

backends. These compilers take model definitions, expressed in frame-
works like PyTorch [33] or TensorFlow [34], as inputs and generate
efficient code implementations for specific hardware platforms, such as
CPUs, GPUs. The compilation process often adopts a progressive multi-
layer optimization approach. It begins with the front-end, where neural
network models serve as input, and proceeds through intermediate
representation (IR) stages. These include graph-level IR [35-39] for
structural optimizations and loop-level IR [40-42] for fine-grained
transformations. Finally, the back-end generates hardware-specific ex-
ecutable code using traditional compiler techniques, ensuring efficient
execution on the target platform.

A key innovation in deep learning compilers is the compute-
schedule separation first introduced by Halide [43] and adopted by
frameworks like TVM [21]. Compute represents the mathematical
description of tensor operations, such as addition, convolution, or
matrix multiplication, while schedule defines how these operations
are executed on hardware. Schedule specifies program transforma-
tions, including loop tiling, vectorization, and unrolling, to optimize
performance for specific hardware architectures. This decoupling sim-
plifies the representation of tensor computations, enabling flexible
optimization strategies tailored to different backends.

Recent advancements [22-24,44] in deep learning compilers focus
on leveraging hardware intrinsics to further optimize tensor programs.
By integrating intrinsic-specific mapping abstractions, these compil-
ers can directly utilize the specialized instructions of DLAs, such as
NVIDIA’s Tensor Cores or CPU’s AVX512, to achieve higher compu-
tational efficiency. These developments mark a shift from general-
purpose optimizations to hardware-aware designs, laying the founda-
tion for intrinsic-based mapping strategies.

2.2. Intrinsic-based mapping abstraction

The development of DLAs has led to the creation of specialized
instructions [45-48], known as intrinsics, designed to enhance the
computational efficiency of tensor operations. These instructions serve
as essential interfaces between hardware and compilers, enabling opti-
mized execution of key operations like matrix multiplication and data
movement.

Intrinsics provide an efficient mechanism for managing kernel op-
erations in tensor programs, typically categorized into compute in-
trinsics for performing computations and memory intrinsics for data
handling [22]. For example, NVIDIA Tensor Cores [17-19] and CPU
AVX512 [20] offer specialized intrinsics that allow accelerated ma-
trix and vector operations, respectively, facilitating high-performance
computation across various accelerators.

Intrinsic-based mapping abstraction further unifies tensor pro-
gram optimization by representing diverse intrinsic behaviors in a com-
mon, analyzable form. Frameworks like AMOS [22] and TensorIR [23]
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Table 1

State-of-the-art compilers/mappings for hardware accelerators.
Name Mapping Method
o
AutoTVM Hand-written templates + Tuning
Triton Hand-written templates
2]
Tiramisu Polyhedral model
AKG Polyhedral model + Templates
5]
Ansor Generated rules + Tuning
XLA Templates and rules
Heron Constraint-based rules + Tuning
MetaSchedule Generated rules + Tuning
(4]
UNIT Analyzable abstraction + Tuning
ROLLER Tile abstraction + Construction policy
AMOS Analyzable abstraction + Tuning
TensorIR Analyzable abstraction and generated rules + Tuning
(5]
Hidet Task-mapping + Post-scheduling fusion
EINNET Derivation-based + Tuning
TensorMap Reinforcement learning + Tuning
GTA Analyzable abstraction and generated rules + Tuning

leverage this approach to directly map software operations to hard-
ware intrinsics, supporting automated generation and transformation
of tensorized programs. This abstraction broadens the search space for
high-performance configurations by identifying fundamental software-
to-hardware mappings, thus enhancing optimization potential across
different hardware backends.

2.3. Tensor program generation strategy

In Table 1, we summarize state-of-the-art compiler mapping tech-
niques used to generate optimized tensor programs on hardware accel-
erators. Most existing compilers leverage programmable intrinsics as
part of their mapping strategy, enabling developers to focus on high-
level optimization while the compiler handles low-level architectural
details. These mapping methods streamline tensor program generation
by abstracting hardware-specific operations, thereby enhancing both
efficiency and portability.

Specifically, we categorize the state-of-the-art compilers/mappers
for DLAs into five main approaches:

O Hand-written mapping: Hand-written mapping [29,49] requires
developers to manually define mappings for tensorized programs using
compiler-provided tensorize interfaces. This approach enables fine-
grained optimization, especially for specialized hardware like NVIDIA
Tensor Cores. However, it demands significant expertise and high
development costs, as developers must continually rewrite templates
to support new operators and accelerators [50-52]. While hand-written
mapping can achieve high performance for specific workloads, its lack
of scalability and adaptability limits its effectiveness compared to more
automated methods.

0 Polyhedral model mapping: Polyhedral model mapping [28,32,
53-56] provides a powerful strategy for optimizing tensor programs by
restructuring execution and managing complex memory dependencies.
In the realm of tensor program compilation, this approach plays a
critical role in handling intricate memory structures and optimizing ex-
ecution. For example, AKG [32] leverages polyhedral scheduling to re-
structure execution order through new linear relationships, effectively
eliminating inter-loop dependencies. This method is particularly advan-
tageous for hardware like TPUs, where enhancing parallel computation
is essential. By exploring a broader range of affine transformations
compared to methods such as TVM [21], polyhedral mapping optimizes
performance for diverse workloads. However, the model’s inherent
complexity limits its general applicability, making it less feasible for
simpler or less resource-intensive tasks.
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® Rule-based mapping: Rule-based mapping [24-27,57] gener-
ates efficient tensor programs through predefined scheduling primi-
tives, streamlining tensor program creation without user-defined tem-
plates. This approach leverages scheduling techniques like loop tiling,
fusion, and vectorization, as demonstrated by frameworks like An-
sor [25], which automatically create search spaces using these rules.
This method simplifies tensor program generation in deep learning
applications. However, it also has limitations: users must ensure that
the predefined rules align with the specific operators and hardware, or
the generated programs may fail to achieve optimal performance.

® Analyzable abstraction mapping: Analyzable abstraction map-
ping [22,23,44,58,59] unifies tensor program optimization by abstract-
ing diverse hardware intrinsic behaviors into a common representation,
facilitating efficient mapping and transformation of tensorized pro-
grams. Examples like AMOS and TensorIR establish direct mappings
between software and hardware, guiding the automated generation
of tensorized programs. This approach broadens the scope of explo-
ration by identifying foundational software-to-hardware combinations,
increasing the potential for discovering optimized mappings.

® Other mapping: Other mapping methods [13,40,60,61] reformu-
late deep learning optimization problems using strategies from other
domains to enhance efficiency. For example, CoSA [56] and Heron [24]
convert the scheduling space search into a constrained optimization
problem and leverage solvers to rapidly explore the space. Alterna-
tively, TLM [62] and Soter [63] treat tensor program exploration as
a language model generation task, where tensor programs are rep-
resented as sequences and tunable parameters as language tokens.
Specifically, they leverage a large language model (LLM) to generate
these tokens for tunable parameters, enabling efficient exploration of
mapping schemes and more effective optimization of tensor programs.

Building on this foundation, we reviewed five primary mapping
approaches used for deep learning accelerators: hand-written, rule-
based, polyhedral model, analyzable abstraction, and other mapping
methods. Each approach brings unique advantages—hand-written and
rule-based mappings allow fine-tuned performance but require exten-
sive manual intervention or rigid predefined rules, while polyhedral
and analyzable abstraction mappings offer more automated solutions
but are challenged by complexity and limited applicability. Methods
borrowing from other domains, such as optimization solvers and lan-
guage models, open new directions but may lack consistency across
diverse hardware. In summary, intrinsic-based mapping abstraction of-
fers a unified framework for optimizing tensor programs across diverse
hardware accelerators by abstracting hardware intrinsic behaviors into
a common representation. Systems like AMOS and TensorIR leverage
this approach to enable efficient and adaptable mappings for tensorized
programs.

Despite these advances, significant challenges remain in achieving
flexible, high-performance mappings that are adaptable to new hard-
ware accelerators, such as the inefficiency of existing approaches in
handling diverse architectural constraints and their inability to effec-
tively explore large and complex search spaces. To better illustrate our
motivation, we present an example to illustrate the specific challenges
within existing analyzable abstraction mapping systems, motivating the
development of our approach.

Mapping intrinsic instructions onto hardware accelerators poses
significant challenges due to the vast number of possible configurations
and their impact on performance. The process of selecting the optimal
mapping for intrinsic instructions, such as those used in Tensor Cores, is
complex, given the numerous potential mapping candidates. Each map-
ping choice can critically affect performance factors like data locality
and parallelism. For example, as shown in Table 2, AMOS identified 35
distinct ways to map the seven loops of a 2D convolution onto the 3D
loops of the Tensor Core. Exhaustively exploring all configurations is in-
efficient and rarely yields substantial performance gains. Thus, a more
efficient approach is required, one that prioritizes the most promising
mappings to reduce search overhead and maximize performance.
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Table 2
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Mapping candidates choices. This example maps a 2D convolution index to Tensor Core index (type: float16). Space loops: n, k, p, q, i, iy}
Reduction loops: rc, 1, 75, r,. The mapping choices can be categorized into basic mapping and complex mapping. Basic mapping means selecting
only one choice at a time, while complex mapping allows multiple choices to be combined for mixed mapping.

mappingl mapping2 mapping3 mapping4 mapping5 mapping6 mapping7
il n n n P P q q
i2 k k k k k k k
rl rc r Is rc rs rc T
Choices 0/1 0/1 0/1 0/1 0/1 0/1 0/1
.
[ Mmain-task [] Retained Sub-task {_} Discard Sub-task
@ Dual-Task Scheduling
(Section 4)
Deep Learning Tasks Gen. & Sch. Mapping Gen. & Sch.
Models
¢ ' ) A batch of
IZI o Search Space optimized programs Hardware
|:| III IZI One One Exploration Execution
TR main-task Slﬂ)@)gfaph
Resource-Constrained
HW Intrinsic IZI IZI Rules (Section 5)
Information

Fig. 2. The compilation flow of GTA. 1, denotes the nth non-intrinsic main-task (blue box), and r,, denotes the kth mapping candidate of nth intrinsic-enabled main-task (orange
box). All mapping candidates are ranked and executed based on performance feedback. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

A second challenge lies in the scheduling of tensor programs, which
often lacks consideration for DLAs intrinsics. Existing systems do not
sufficiently incorporate these intrinsics when generating the scheduling
search space, limiting their ability to optimize tensorized programs for
specialized hardware. To address this, a more comprehensive approach
to scheduling is needed, integrating primitives like tiling, fusion, and
vectorization that are tailored to the unique characteristics of DLAs.
Without such a targeted approach, the scheduling search space cannot
fully leverage the potential of available mappings, thereby constraining
the system’s capacity to produce high-performance programs.

3. GTA overview

To address the aforementioned issues, we propose GTA, a compila-
tion framework designed to automatically generate high-performance
tensorized programs for specialized hardware. As shown in Fig. 2, it
takes deep neural networks (DNNs) as input, converting them into
computation graphs represented as directed acyclic graphs (DAGs). In
these graphs, each node corresponds to a tensor operation, and each
edge denotes a producer—consumer relationship between operations. To
handle the complexity of large computational graphs, GTA partitions
the DNN’s computation graph into smaller, manageable subgraphs us-
ing Relay’s operator fusion algorithm, which has minimal performance
impact due to the layer-by-layer structure of DNNs (t,t,,...,t, in
Fig. 2).

To maximize performance across multiple subgraphs, GTA dynam-
ically prioritizes subgraphs and mapping candidates most likely to
enhance end-to-end efficiency. It uses a dual-task scheduling ap-
proach (detailed in Section 4) that allocates tuning time across both
subgraph and mapping candidate levels. By allocating varying amounts
of time to different subgraphs and probabilistically discarding less effi-
cient candidates based on performance feedback, dual-task scheduling
helps avoid wasted tuning resources on low-impact mappings.

Additionally, resource-constrained rules (explained in Section 5)
guide program generation on both DLAs and general-purpose acceler-
ators. GTA designs these rules by abstracting common architectural
characteristics across DLAs, such as coarse-grained hardware intrin-
sics (e.g., WMMA in Tensor Core) and dedicated scratchpad memory
(e.g., Unified Buffer in TPU). This design allows GTA to efficiently
leverage hardware-specific features, optimizing tensorized programs to
fully exploit the underlying hardware capabilities.

4. Dual-task scheduling

Most existing compiler frameworks adopt a performance-aware tun-
ing strategy to fine-tune generated programs, a method proven effective
by systems such as Ansor and AMOS. For example, Ansor refines its
cost model by updating task weights based on feedback from each
search iteration, while dynamically allocating subgraph trials. Building
on this approach, when multiple intrinsic instruction mapping options
are available, feeding performance results of each mapping back into
the front-end further enhances the framework by enabling seamless
co-design between the front and back-end stages.

To optimize tuning resource allocation, a DNN can be decomposed
into multiple independent subgraphs (e.g., conv2d + ReLU). For some
subgraphs, spending time on tuning may not significantly improve the
overall network performance. This may occur when a subgraph is not a
performance bottleneck, or when any tuning yields only marginal gains.
Similarly, a subgraph may have multiple intrinsic mapping candidates,
but further tuning on certain mappings may not result in meaningful
improvements. This is often because certain mapping schemes exhibit
inefficient memory access patterns, limiting their ability to leverage the
unique features of the underlying hardware and thereby restricting the
potential for significant performance gains.

To illustrate the dual-task scheduling (DTS) process, we use
ResNetl8 as an example. After splitting ResNetl8 into subgraphs,
there are 24 unique subgraphs, most of which are convolution layers
with varying shape configurations (e.g., input size, kernel size, stride).
Following Ansor’s task scheduling methodology, we define a task as the
process of generating high-performance programs for each subgraph.
Thus, optimizing a single DNN like ResNetl8 requires completing
multiple tasks (e.g., 24 tasks for ResNet18).

To efficiently allocate tuning resources across these tasks, GTA
employs a DTS approach. This method dynamically assigns varying
amounts of time to different subgraphs and probabilistically discards in-
efficient mapping candidates based on program performance feedback.
DTS operates on two levels: the subgraph level and the mapping can-
didate level, helping GTA focus tuning resources on the most impactful
configurations and avoid spending time on low-impact mappings.

As shown in Fig. 1, the DTS iteratively allocates tuning resources to
different tasks. In each round, the first step selects a subgraph for pro-
gram generation, GTA generates a set of intrinsic-compatible mapping
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Algorithm 1: Dual-Task Scheduling
Input:
G: native deep learning neural network
target: target hardware platform
trials: total tuning counts
MEASURE_NUM: number of measures per round
Output: best_tasks: best performance tasks

1 Function dual_scheduling

2 Initialize local variables By, ey Brasks Tiatencys Crasks Csampless
3 tasks = extract_tasks(G,target);

4 while C,,,, < trials do

5 tid = gradient scheduling (tasks, T, cy);

6 M.,,,q; = match_intrinsic(tasks[tid], target);
7 if M_,,;; not NULL then

8 for C,pping N M,y do

[ if Cyyp1s then

10 if C,ypping N0t in Cy,, ., then
11 continue;

12 end

13 end

14 latency = tasks[tid].tune(memg);
15 T atency-append(latency );

16 if latency < By,,,., then

17 Biyrency[tid] = latency;

18 B, [tid] = tasks[tid];

19 end

20 end

21 Coample = probability_sample(T, 4 epc,);
22 C,iws T= MEASURE_ NUM

23 end
24 end
25 return B, ;;

candidates for the intrinsic-enabled task;. This effectively breaks the
main-task into several sub-tasks (as shown by the orange box in Fig. 1).
The second step then generates a batch of promising programs for these
sub-tasks and measures their performance on hardware. Each round is
defined as one unit of time resource. When a time resource is allocated
to a task, the task gains the opportunity to generate and measure new
programs, increasing the chance of discovering better-performing ones.

In the following section, we introduce the formulation of the
scheduling problem and our solution.

4.1. Problem formulation

In defining the scheduling problem, we divide DTS into two types of
tasks: main-tasks and sub-tasks. In this framework, a DNN can be split
into several subgraphs (main-tasks). If the computation type, data type,
and computation shape of a main-task meet the limitations required
for utilizing hardware intrinsic resources, multiple intrinsic mapping
candidates will be generated for the main-task. Each of these intrinsic
mapping candidates is referred to as a sub-task. A main-task represents
a process performed to generate high-performance programs for a
subgraph, meaning that optimizing a single DNN requires completing
dozens of main-tasks. And related notions used in this paper are shown
in Table 3.

We define m;(r) as the minimum execution time required for the
ith main-task at time ¢, and m; (¢) as the execution time of the kth
mapping scheme for the ith main-task. The optimal execution time
for subgraph i is represented as min(m;(r), my(?), ..., m; (1)). The end-
to-end execution time of the entire network, denoted by G(m, (), m,(1),
...,m,(1)), represents the aggregate time across all main-tasks. Our
objective is to minimize this function to achieve the lowest possible
overall execution time for the DNN. Thus, the objective function is
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Table 3
Notations.
Notation Description/Definition
Main-task Subgraph process for generating high-performance programs
Sub-task Intrinsic mapping candidate satisfying hardware constraints
At Small backward window size
N, The set of similar task of i
(oA The number of floating point operation in task i
Y The number of floating point operation per second we can
achieve in task k
Biatency Best mapping latency set of tasks
B, Best mapping tasks set of DNN
Coample Samples selected from all mappings
Corials Current number of trials
‘mapping Current mapping selection
Native neural network
my(1) Minimum execution time forith task
my (1) Execution time of kth mapping for m, (1)
Tatency Latency set of all tasks
M, i Set of all mapping candidates
a Sampling probability of mapping k
p Hyperparameter for increasing probability
; Number of appearances of task i in the network
defined as:
n
f(G) = Z(a}i X max(f(ay - mj;(t), oy - mp(1), ..., o - my(1)))) (€D)]

i=1

Let w; denote the number of appearances of main-task i in the
network, where i is the main-task index. If a main-task has already met
its latency requirement, no additional tuning resources are allocated to
it. The variable a, represents the sampling probability assigned to sub-
task k. Unlike other frameworks, our approach introduces probabilistic
allocation for intrinsic mapping candidates (sub-task). Once perfor-
mance feedback for all mapping candidates of a subgraph is received,
sampling probabilities are assigned based on time cost, candidates
with lower time costs are assigned higher probabilities, while those
with higher time costs receive lower probabilities. We also introduce a
hyperparameter # to adjust sampling probabilities for specific mapping
candidates, helping to avoid convergence on locally optimal solutions.

4.2. Optimizing with gradient and probability

Inspired by the gradient descent-based task scheduling approach
presented in [25], we propose a DTS algorithm (Algorithm 1) that com-
bines gradient descent with probability-based selection to efficiently
optimize the objective function. Starting from the current allocation t,
the algorithm approximates the gradient of the objective function, g—i,
and identifies the primary task i by maximizing the absolute gradient,
defined as i = arg maxil%l. This gradient approximation serves as
the foundation for selecting the main-task with the highest potential
impact.

of _of ([ Am . m; (1;) G
‘7_’1 - 3_’"/ (aI *=n (mm (_ I ’BmaxkeN(/) Vi o OI))))
2

where Am = m; (t;) — m; (t; — At) and other variables are defined in
Table 3. The parameter 5 and # control the weight to trust some
predictions.

GTA initializes the algorithm with t = 0 and begins with a round-
robin warm-up phase, resulting in an initial allocation vector of r =
{1,1,...,1}. After the warm-up, as shown in line 5 of Algorithm 1,
the gradient for each main-task is computed, and the main-task with
the maximum absolute gradient, i = argmax;| %L is selected. A tuning
time unit is then allocated to this main-task, updating its allocation to
t; = t; + 1. The optimization process continues until the tuning time
budget is exhausted.
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Afterward, GTA searches for a hardware intrinsic that matches the
specified main-task. Once a suitable set of hardware intrinsics is identi-
fied, tensor programs are generated for all mapping candidates, serving
as a warm-up for the sub-task. This warm-up allows GTA to select the
most promising mapping candidates by assigning probabilities based
on their performance feedback. In subsequent rounds, only mapping
candidates prioritized by their previously assigned probabilities are
executed. This selective exploration avoids spending time on inefficient
candidates, enhancing tuning efficiency and allowing higher-potential
candidates more opportunities for optimization.

The probability_sample algorithm, as called in line 21 of Algorithm
1, is designed to probabilistically select mapping candidates for further
analysis and optimization. We first introduce the notation: let R =
{ry,ry,...,r,} represent the set of all mapping results, where r; denotes
the ith result with a performance value V (r).

The total weight W is calculated by considering each result’s in-
verse performance value, normalized with respect to the maximum
performance in R, as follows:

1 1
W = —_
z V() max

1
rieR r€R V)

This ensures that weights are scaled and relative to the most perfor-
mant candidate in the result set R. Using this normalized total weight

W, the initial probability assigned to each result r; is given by:
1 1
V() max, g #’/)

w

P(r;) =

To encourage exploration, the algorithm applies a probability in-
crease factor f to selected results. The probability adjustment is defined
by weighting the original probability P(r;) with an exploration boost:
Pl(r) = (1+p)- P(r;)

Zr/eR(l +8)) - P(ry)

Here, §; is a task-specific exploration factor, applied selectively
to candidates r;, where ; = p for selected candidates and §; = 0
otherwise. The inclusion of the initial probability P(r;), derived from
each candidate’s performance value V (r ), serves as the foundation of
the adjusted probabilities. This ensures that P'(r;) retains the relative
importance of each candidate while allowing selective exploration
through 4,.

The normalization term, ZrleR(l + B;) - P(r;), ensures that the
adjusted probabilities remain valid and sum to 1. By combining the
task-specific exploration factor with the initial performance-weighted
probability P(r;), this formula balances exploitation of high-priority
candidates with exploration of less performant options. Furthermore,
P(r;) prevents the adjustment from overly concentrating on a small
subset of candidates, promoting diversity and fairness across the result
set R.

Finally, the algorithm selects the top N results based on the adjusted
probabilities P/(r;). The selection process is expressed as:

{r )N, =Topy (P'(r)). P'(ry). ... P'(r,)) . 3)

where N is dynamically determined based on a fraction of the total
result set R, denoted by N = [k - |R|], and « € (0, 1] is a user-defined
parameter controlling selection size.

5. Resource-constrained rules

Existing exploration-based methods face significant challenges in
both performance and scalability, primarily due to two factors. First,
although the design space is vast, it contains numerous inefficient ker-
nels. For example, in the GEMM operation with dimensions
512 x 768 x 3072 (used in GPT-1 on Tensor Core), the kernel space size
reaches O(10'%), with over 90% of the kernels being inefficient [63,64].
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Table 4
Resource-constrained rules and related conditions.
No. Rule Condition
. - HasDataReuse(R, i) &
R1 Multi-Level Til
wit-Level Tiling HasMultiLevelCache(R, i)
X HasDataReuse(R, i) &
2 t Multi-
R Set Multi-Scope HasMultiScopeCache(R, i)
R3 Fuse Main Op HasStagesFused(R)
R4 Fuse Output Op HasStagesFused(R)
R5 AddMemLimit HasDSM(R)?

Ansor Defined Rule”

2 DSM: dedicated scratchpad memory.
b Ansor [25].

Second, current approaches are largely tailored to general-purpose
processors and lack consideration for specific architectural constraints.
This highlights the need to construct a high-quality kernel design
space to effectively reduce inefficient exploration and improve overall
performance.

To address these challenges, GTA’s implementation of resource-
constrained generation rules is based on existing open-source code
for DLAs and general-purpose accelerators [22,25]. In particular, the
DLA-specific rules are adapted to leverage hardware intrinsics and
dedicated scratchpad memory (DSM) efficiently. From a programmer’s
perspective, DLAs, in contrast to general-purpose accelerators, feature
coarse-grained hardware intrinsics (e.g., WMMA in Tensor Core) and
user-programmable dedicated DSM (e.g., Unified Buffer in TPU). Based
on these existing implementations, we made targeted modifications
to better align the rules with the search strategies and optimization
methods proposed in this work. Table 4 summarizes five key generation
rules that GTA employs to optimize data movement, operation fusion,
and memory management in DLAs. Each rule addresses specific chal-
lenges to enhance computational efficiency and resource utilization.
The following is a detailed description of each rule:

Rule-R1 generates multiple nodes for data movement between dif-
ferent levels of on-chip DSMs. To apply this rule, GTA first checks for
data reuse opportunities and verifies if the DLA has multiple DSM levels
(e.g., Tensor Core provides two levels of DSMs for WMMA fragments
and shared memory). If these conditions are met, GTA inserts cache,,,,
primitives for the node and its producers to facilitate data movement.

Rule-R2 marks the data storage scope for each operation within
the DSM hierarchy. To apply this rule, GTA first checks for data reuse
opportunities and verifies whether the DLA provides multiple DSM
scopes for different data types. If these conditions are satisfied, GTA
assigns cache,,;,, primitives to the node and cache,,,; primitives to its
producers, ensuring that data is efficiently stored and accessed within
the appropriate DSM levels.

Rule-R3 enables the fusion of main operations within a subgraph
by identifying opportunities to combine operations with shared data
dependencies. This reduces data movement overhead and improves
computational efficiency. When multiple stages are fused, GTA inserts
the appropriate primitives to implement the fusion, streamlining the
execution flow.

Rule-R4 focuses on fusing output operations within a computational
graph. Similar to Rule-R3, it targets operations that can be combined
to minimize data transfer costs and enhance throughput. By analyz-
ing data flow between operations, GTA inserts necessary primitives
to achieve output fusion, resulting in a more compact and efficient
execution structure.

Rule-R5 constrains memory usage for operations that utilize ded-
icated scratchpad memory (DSM). By evaluating each operation and
its memory requirements, GTA ensures memory limits are respected,
preventing allocations from exceeding hardware capacity, which could
lead to inefficient execution. This rule helps maintain an efficient
memory allocation strategy, optimizing overall resource utilization.
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Fig. 3. An illustrative example of tensorized program generation for a GEMM-ReLU operator, demonstrating the transformation of the input program from a mathematical expression
(py) to a tensor expression (p,) written in a domain-specific language using TVM. The process further includes intrinsic matching based on the type and shape of the input operator
to select and generate intrinsic mapping candidates, followed by the application of resource-constrained rules to guide the creation of a tensorized program sketch (p,).

An example. Fig. 3 illustrates how resource-constrained rules are
applied during tensorized program generation. Starting from the input
program written as a mathematical expression (p,), the process con-
verts it into a tensor expression (p;) using domain-specific language
(DSL) in TVM. The intrinsic matching step leverages compute abstrac-
tion and memory abstraction, as proposed in AMOS [22], to complete
the software-hardware mapping generation. This process selects and
generates intrinsic mapping candidates by analyzing the operator’s
computation type, data type, and memory access patterns based on
its shape and hardware-specific constraints. Subsequently, resource-
constrained rules play a critical role in guiding the generation of the
tensorized program sketch, ensuring efficient utilization of hardware in-
trinsic functions while respecting memory and architectural constraints.
Specifically, the derivation for generated rules and the transformed
program can be expressed as:

R2 Rl
input p; > M, = 0(Sp,i =3) = o(S},i =3) = 0(S,,i =2)

candi
R3 R5
— ... = output p,

(€3]

We defined the state as o = (,i), where S represents the current
partially generated sketch program for the DAG, and i denotes the
index of the node currently being transformed. For each rule, if the
application conditions are met, the rule is applied to o = (S5, i), resulting
in a new state o’ = (S’,i"), where i < i. This ensures that the index
i (indicating the transforming node) decreases monotonically. A state
reaches a terminal condition when i = 0. During the enumeration
process, multiple rules may be applicable to a single state, generat-
ing several succeeding states. Additionally, a single rule can produce
multiple succeeding states under certain conditions.

6. Implementation

In this section, we delve into the technical details in our imple-
mentation. GTA extends TVM, a end-to-end deep learning compiler, to
support loop scheduling and generate high-performance programs with
intrinsic instructions.

Task Generation. To mitigate the issue of search space explosion,
compilers typically divide the large computational graph of a DNN

into smaller subgraphs. Notably, for some subgraphs, spending time on
tuning may not significantly enhance the end-to-end performance of
the DNN. In this work, we adopt TVM’s subgraph partitioning strategy
to divide the input DNN into multiple smaller subgraphs, referred to as
main-tasks. A main-task is considered a process executed to generate
high-performance programs for a subgraph. TVM categorizes operators
into four types: injective (e.g., add operations), reduction (e.g., sum
operations), complex-out-feasible (e.g., matrix multiplication, where
element-wise mappings can fuse to the output), and opaque (e.g., sort
operations, which cannot be fused). Subgraph fusion is then performed
based on predefined generic rules.

Mapping Generation and Scheduling. At each iteration, based on
the intrinsic mapping generation approach described in AMOS [22],
main-tasks can be classified into intrinsic-disabled and intrinsic-enabled
tasks. For intrinsic-disabled main-tasks, we adopt Ansor’s [25] com-
pilation optimization to generate programs. In contrast, for intrinsic-
enabled main-tasks, GTA optimizes task scheduling based on gradients
and probabilities. This algorithm prioritizes subgraphs with higher
potential for performance improvement, allocating them more tuning
opportunities while reducing efforts on less promising mapping can-
didates based on performance feedback. Slice the time and prioritize
important subgraphs and intrinsic mapping candidates, meaning that
not all main-tasks and sub-tasks will be executed. For example, an
intrinsic-enabled main-task; may contain both retained mapping and
discarded mapping candidates. The former will proceed to subsequent
tensor program optimization and tuning, while the latter will not
participate in further optimization unless they are selected in the next
scheduling round.

Search Space Exploration. Subsequently, GTA applies resource-
constrained rules and existing derivation rules (Table 4) to each sub-
graph under the guidance of a genetic algorithm [25]. During this
process, tens of thousands of tensor programs are generated, and cost
model is employed to filter out the most promising candidates with
near-optimal performance. These selected candidates are then executed
on the target hardware to identify the tensor program with the best
performance.
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7. Evaluation
7.1. Evaluation platforms

Our experiments were conducted on two distinct hardware plat-
forms to evaluate the performance of the proposed GTA framework:

» NVIDIA GPUs: We performed experiments on two NVIDIA GPUs,
specifically the RTX 3060 and A100, which are equipped with
Tensor Cores optimized for deep learning tasks. The RTX 3060
represents a consumer-grade GPU, while the A100 is a data
center-grade GPU designed for high-performance computing.
AMD CPU: We evaluated the performance on an AMD Ryzen 7
7840H CPU,? which supports advanced SIMD (Single Instruction,
Multiple Data) instructions, enabling efficient vectorized compu-
tations. This CPU platform provides a competitive environment
for testing AVX512-like optimizations in general-purpose proces-
sors, allowing us to benchmark GTA’s performance on non-GPU
hardware.

7.2. Evaluated benchmarks

We evaluate the performance of GTA using both deep learning (DL)
operators and complete neural network models.

+ Operator-Level Evaluation: We select nine widely-used opera-
tors for this evaluation: General Matrix Multiplication (GEMM),
1D convolution (C1D), 2D convolution (C2D), 3D convolution
(C3D), transposed 2D convolution (T2D), dilated convolution
(DIL), batch matrix multiplication (BMM), General Matrix—Vector
multiplication (GEMV), and scan (SCAN). For each operator, we
test 6-10 different shape configurations and report the geometric
mean of speedups normalized to GTA. The shape configurations
are consistent with those used in Ansor and AMOS to ensure a fair
comparison.

Network-Level Evaluation: We benchmark six commonly-used
neural network models: ResNet18 and ResNet50 [1], BERT (base
configuration) [65], MI-LSTM [66], MobileNet-V1 [67], and Shuf-
fleNet [11]. For each model, we evaluate the performance with
batch sizes of 1 and 16.

7.3. Comparison baselines

Our evaluation compares GTA against three state-of-the-art auto-
matic generation methods (AutoTVM [49], Ansor [25] (v0.8), and
AMOS [22] (commit: 0f39742)) as well as two vendor-optimized, hand-
tuned libraries (cuDNN (v11.6) and PyTorch (v1.13.1, v2.0.1)):

* AutoTVM: This method uses hand-written templates to support
all three selected platforms, demonstrating high performance
across a range of baseline operators.

AMOS: AMOS systematically explores various mappings of loop
iterations to DLAs, representing the state-of-the-art for operators
with multiple feasible mappings, such as C1D and C2D.

Ansor: As a leading method for GPU CUDA Core and CPU code
generation, Ansor does not support DLAs like Tensor Core due
to architectural limitations. However, comparing GTA with An-
sor highlights the benefits of leveraging DLA-specific features in
tensor program generation.

2 Intel CPUs also support AVX512 instructions and could be used for similar
experiments.
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» PyTorch: PyTorch, a widely-used deep learning framework,
serves as a strong baseline for evaluating GTA’s ability to out-
perform standard hand-tuned implementations in practical deep
learning applications. Our experiments include both PyTorch
1.13, which relies heavily on vendor-optimized libraries such
as cuDNN and cuBLAS for high-performance computations, and
PyTorch 2.0, which introduces the TorchInductor compiler.

For a fair comparison, we evaluate AutoTVM, Ansor, AMOS, and GTA
with up to 200 measurement trials per test case and report the best
performance achieved. For the vendor-optimized libraries on Tensor
Core, we use PyTorch, which relies on hand-optimized libraries such as
cuDNN to support various types of operators. These optimized libraries
serve as strong baseline references for evaluating the performance of
GTA.

7.4. Experimental results

We evaluate the performance of GTA on both operators and neural
networks, comparing it against several baselines on two DLAs: GPU
Tensor Cores and CPU AVX512. To further demonstrate the effective-
ness of GTA, we analyze the quality of the generated search spaces and
the efficiency of the exploration process. Finally, we highlight how the
dual-task scheduling strategy significantly reduces compilation time by
dynamically prioritizing subgraphs and mapping candidates, effectively
cutting down unnecessary search efforts.

7.5. Operator performance

Tensor Core. First, we compare GTA with PyTorch, which relies on
hand-optimized libraries such as cuDNN to support various operators.
Fig. 4 shows the results for all operators with batch size 1 on the
NVIDIA RTX 3060. GTA consistently outperforms PyTorch across all
operators, achieving an average 2.44x geometric mean speedup. The
speedup is attributed to GTA’s comprehensive software-hardware map-
ping exploration, which contrasts with PyTorch’s use of fixed mappings
from hand-optimized libraries, often leading to suboptimal perfor-
mance.

Next, we evaluate the performance on the NVIDIA A100 GPU for
various operator. As shown in Fig. 9, GTA achieves 1.26x%, 5.24X,
and 1.93x geometric mean speedup over Ansor, PyTorch, and AMOS,
respectively. The significant improvement is due to GTA’s ability to
effectively utilize the high-performance Tensor Core units through
enhanced mapping and scheduling strategies.

We also compare GTA with state-of-the-art compilers on RTX 3060
using the C2D in NCHW layout. We test all convolution layers from
ResNet18 (a total of 12 configurations, labeled as CO-C11). These
configurations are standard benchmarks from well-known networks.
The results are shown in Figs. 4, 5, and 6. GTA achieves speedups of
1.85x%, 1.76%, and 2.10x over Ansor, AMOS, and hand-tuned PyTorch,
respectively. Compared to Ansor, GTA leverages high-performance
Tensor Core units alongside efficient auto-scheduling strategies, re-
sulting in better optimization. In contrast to AMOS, GTA employs
DTS to efficiently explore the scheduling space, reducing search time
while enhancing program performance. Moreover, AMOS cannot utilize
resource-constrained rules for shared memory allocation, leading to
the generation of some tensor programs that exceed hardware re-
source limits. This limitation reduces AMOS’s capability to achieve
higher-performing programs.

AVX512. On the AMD CPU platform, we utilize hardware abstrac-
tion for AVX512 intrinsics (specifically for matrix-vector multiplica-
tion) and apply GTA to generate code for C2D. As shown in Fig. 7, GTA
achieves 1.49x and 2.76x performance improvements over Ansor and
PyTorch, respectively. GTA’s advantage stems from combining high-
performance AVX512 intrinsics with efficient auto-scheduling strate-
gies, leading to superior program optimization compared to baseline
methods.
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Fig. 4. Single operator performances comparison on NVIDIA RTX 3060.
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Fig. 5. Performance comparison of C2D on NVIDIA RTX 3060 with batch size = 1, using all convolution layers from ResNet18 (12 configurations, labeled as C0-C11).
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Fig. 8. Performance of different networks relative to GTA on Tensor Core.
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Fig. 9. Performance comparison of GTA across multiple individual operators on the NVIDIA A100 GPU, compared with baseline methods.
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Fig. 10. Compilation time overhead and corresponding performance variations under different sampling rates.

7.6. Network performance

Fig. 8 illustrates the performance of GTA on six evaluated networks.
On average, GTA achieves 1.75%, 1.42x and 1.29x speedups over
AMOS, PyTorch 1.13 and PyTorch 2.0 with TorchInductor, respec-
tively. For ResNetl8 and ResNet50, GTA finds better mappings for
operators, enabling more extensive utilization of Tensor Cores com-
pared to hand-tuned libraries and AMOS’s optimized templates. GTA
overcomes the limitations of these baselines by generating accurate
search spaces that encompass most high-performance programs, along
with an efficient search algorithm for finding optimal or near-optimal
solutions. The results demonstrate GTA’s capability to handle complex
operators and effectively leverage Tensor Cores for high performance.

7.7. Compilation time

The search time overhead is a critical factor for practical deploy-
ment in deep learning frameworks, as reducing it can significantly en-
hance usability. To evaluate the efficiency of our dual-task scheduling
strategy, we analyze the search time and corresponding performance
variations under different sampling rates, specifically comparing GTA
at sampling rates of 40% (GTA-0.4), 60% (GTA-0.6), and 100% (GTA-
Raw). In this experiment, GTA operates at a sampling rate of 20%
(GTA-0.2), representing a highly efficient configuration with minimal
search overhead. The results, as shown in Fig. 10, demonstrate that
as the sampling rate decreases, the search time is significantly reduced
while maintaining less than a 5% performance degradation on average,
thereby achieving an excellent balance between search efficiency and
performance.

Additionally, we compare GTA’s search time overhead and perfor-
mance with AMOS, a state-of-the-art compiler designed for DLAs. Our
findings reveal that GTA achieves an average performance improve-
ment of 1.88x over AMOS while maintaining significantly lower search
time. Specifically, AMOS’s average compilation time is approximately
five times that of GTA. This substantial reduction in search time under-
scores the effectiveness of GTA’s dual-task scheduling strategy, which
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optimizes resource allocation during the search process and enables the
rapid identification of high-performance tensor programs.

Unlike traditional methods that exhaustively explore all mapping
candidates, GTA employs a dynamic prioritization strategy that adap-
tively allocates tuning resources based on performance feedback. This
strategy ensures that the most promising subgraphs and intrinsic map-
ping candidates are prioritized, while less promising candidates receive
fewer tuning opportunities. By combining this with a sampling-based
approach, GTA minimizes unnecessary exploration while maintaining
high-quality tensor programs. These results underscore GTA’s suit-
ability for real-world deployment scenarios, where both rapid code
generation and performance optimization are critical. Furthermore, the
ability to adjust sampling rates offers flexibility in balancing search
time and performance, making GTA a robust solution for optimizing
tensor programs across diverse workloads.

8. Related work

In addition to reviewing DLAs, we summarize related work on
numeric precision and dynamic shape optimization for deep learning.

Deep learning accelerators. DLAs offer several significant ad-
vantages, making them essential for advancing DNN research and
deployment. First, DLAs feature large memory capacities, which ac-
commodate the rapidly growing number of parameters in modern
models and facilitate efficient training processes. Second, they provide
model-specific optimizations while maintaining a degree of flexibility,
enabling tailored performance improvements for various architectures.
Additionally, DLAs support a broader range of data formats, such
as FP16, BF16, and INT8, which enhance computational efficiency
and reduce memory usage. Third, DLAs are equipped with a high
number of computing units, enabling extensive parallelism to handle
the computational demands of DNNs effectively. These characteris-
tics position DLAs as a cornerstone technology for accelerating the
training and inference of deep learning models. Following this trend,
many emerging accelerators have been proposed, targeting specific
algorithms or utilizing new technologies. In academia, the DianNao



A. Xie et al.

family [68-71] significantly improves DL computation performance by
leveraging specialized functional units, memory hierarchy, and inter-
connects. Meanwhile, the expansion of DL applications in industry has
led hardware vendors (e.g., NVIDIA Tensor Core [17-19] and Intel
NNP [72]), internet giants (e.g., Tesla Dojo [73], Huawei Ascend [74],
Google TPU [10] and Apple M4 [75,76]), and startups (e.g., Cambricon
MLU [77] and Graphcore IPU [78]) to develop various DLAs. Both
academic and industry DLAs are fundamentally domain-specific, rather
than general-purpose accelerators, inevitably leading to complex and
diverse architectural constraints.

Numeric precision optimization. Quantization [79,80], a pivotal
technique in deep learning, reduces the numeric precision of weights
and activations to enhance computational efficiency and lower resource
requirements. By transitioning from high-precision formats such as
FP32 to lower-precision formats like FP16, INT8, or even single-bit
representations [81,82], quantization enables significant reductions in
memory usage and power consumption [83,84]. The progression of
hardware architectures aligns with the increasing demands for low-
precision computations. For instance, NVIDIA’s recent developments,
such as the Turing and Ampere architectures, incorporated INT8 and
INT4 tensor cores to enhance efficiency. Meanwhile, the latest Hop-
per architecture has shifted focus by replacing INT4 support with
FP8 tensor cores, prioritizing improved numerical precision. These ad-
vancements allow large-scale models, including Large Language Models
(LLMs) [85], to be deployed on resource-constrained devices like edge
devices and DLAs without sacrificing performance. Compilers play a
critical role in making quantization effective. Tools like AMOS [22],
PreTuner [86] and LADDER [39] introduce advanced optimizations
for low-precision data types, including hardware-aware scheduling,
loop tiling, and fine-grained scaling strategies. Expanding on existing
techniques, an automated approach [87] integrates bit-slicing into
the scheduling phase, treating quantization as part of the schedule
space. Coupled with program synthesis, this method efficiently gener-
ates hardware-specific kernels, supporting diverse quantization config-
urations and ensuring seamless adaptation to new hardware architec-
tures.

Dynamic shape optimization. Dynamic-shape workloads are char-
acteristic of DNN models where tensor shapes vary at runtime based
on input data, such as the sequence length in Transformer models.
These workloads pose substantial challenges for existing autotuning
frameworks like TVM, which primarily rely on static input shapes to
construct search spaces and cost models. For instance, TVM’s second-
generation IR, Relay [35], lacks the capability to represent dynamic
tensors. While its third-generation IR, Relax [88], introduces symbolic
shapes to support dynamic workloads, Relax still depends on hand-
written templates for tensor program generation and lacks automatic
tuning support. To address these limitations, recent works such as
Nimble [89], DietCode [90], FTuner [91], and MIKPOLY [92] have
introduced innovative techniques. These approaches construct shape-
agnostic search spaces and cost models to optimize dynamic-shape
workloads. For example, DietCode effectively groups kernels with vary-
ing shapes into unified workloads, enabling efficient tuning as a single
entity and significantly reducing overall tuning time. FTuner introduces
a uKernel-based approach for dynamic tensors, leveraging hardware-
aware constraints to generate high-performance kernel programs and
combining uKernels during runtime to optimize padding and execution
efficiency. While these advancements mark significant progress, further
research is needed to fully exploit the potential of dynamic-shape DNNs
on modern hardware accelerators.

9. Conclusion

We propose GTA, a novel compilation framework for high-
performance tensor program generation on DLAs. GTA expands the
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search space by coordinating intrinsic-based automatic mapping ab-
straction with rule-based tensor program generation strategy and ap-
plies pruning rules to eliminate ineffective program candidates. Ad-
ditionally, GTA employs dual-task scheduling strategy for tensorized
programs, effectively reducing tuning efforts while enhancing perfor-
mance. Experimental results on three DLAs show that GTA outperforms
state-of-the-art automatic generation approaches and vendor-provided
hand-tuned libraries by 1.88x and 2.29x, respectively.
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