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ABSTRACT

TVM is a popular deep learning (DL) compiler. It is designed for
compiling DL models, which are naturally computation graphs,
and as well promoting the efficiency of DL computation. State-of-
the-art methods, such as Muffin and NNSmith, allow developers to
generate computation graphs for testing DL compilers. However,
these techniques are inefficient — their generated computation
graphs are either type-invalid or inexpressive, and hence not able
to test the core functionalities of a DL compiler.

To tackle this problem, we propose GENCOG, a DSL-based ap-
proach to generating computation graphs for TVM testing. GENCoG
is composed of (1) GENCoGL, a domain-specific language for speci-
fying type constraints of operators, and (2) an approach that con-
colically solves type constraints and incrementally generates com-
putation graphs of high expressivity. We implement and evaluate
GENCOG on TVM releases. Our results show that GENCOG is effec-
tive in generating valid and expressive computation graphs — all of
the GENCoG-generated graphs pass type checking, a critical graph
validation stage; letting the graphs’ expressivity be measured by
their vertex and edge diversities, GENCOG outperforms state-of-
the-arts by achieving 1.65~6.93x in vertex diversity and 1.06~7.08x
in edge diversity, respectively. Furthermore, GENCOG has detected
16 bugs in TVM v0.8 and v0.9, with 14 confirmed and 12 fixed.
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1 INTRODUCTION

In recent years, a variety of deep learning (DL) models have been
proposed [11, 14, 33] to solve the challenging problems in differ-
ent domains. To alleviate the heavy burden of deploying DL mod-
els on various hardware devices, DL compilers have been devel-
oped [1, 30]; they automatically import models from DL frame-
works and generate optimized code for target platforms and de-
vices. Among them, TVM [4] is a popular one — it was designed as
a cornerstone of DL, and has been integrated into various machine
learning frameworks for high performance [19, 39].

Similar to traditional compilers [41], TVM is also subject to bugs
[32]. As Figure 1 shows, the software architecture of TVM con-
sists of several lowering- and optimization-oriented components. A
bug in any of the components may either interrupt model deploy-
ment or lead to incorrect results produced by the deployed models.
Correspondingly, developers can generate DL models, which are
naturally computation graphs, and feed them to TVM. Many ef-
forts do exist in automatically generating DL models for testing
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DL compilers, such as LEMON [35], Muffin [12], Luo et al. [22],
NNSmith [20]. In this way, they are able to test core functionalities
in the graph compilation flow of TVM.

Despite the above efforts, due to the complex software archi-
tecture of TVM, it is still not easy to sufficiently test the TVM
implementation, due to the two main challenges.

Challenge 1: Validity. A computation graph consists of many
operators. Each operator takes one or more tensors as input and
contains attributes that determine its actual behavior. The operator
imposes constraints on the tensor shapes and data types (collec-
tively referred to as tensor types) of inputs, as well as attributes. The
type constraints of operators are non-trivial, due to the possibly
large number of tensor shape dimensions and attribute elements,
as well as their intricate relations.

It is necessary to generate type-valid computation graphs, as
any violation of the constraints leads to an immediate rejection
of the graph during type checking of the TVM’s compilation flow,
and thus the successive components cannot be exercised. Let 10k
graphs be generated through pure random sampling. As Figure 2(a)
shows, only 5.7% of graphs having 4 vertices can successively pass
type checking, and less than 1% of graphs having 6 vertices are
type-valid.

Challenge 2: Expressivity. We use the term “expressivity” to
indicate how much useful information (operators, wirings, tensors,
attributes, etc.) computation graphs carry for DL compiler testing.
Expressive computation graphs are presumed to be effective in
testing the TVM — as what we will show in §3, some compiler bugs
can only be revealed by computation graphs with specific operator
calls and/or wiring combinations. More specifically, there are two
levels of requirements for test computation graphs. At the operator
level, there should be as many as possible unique combinations of
input tensor types and attributes in calls to each kind of operator.
During compilation, only certain combination(s) can trigger TVM
bugs. At the graph level, the topologies of the graphs, as well as
the wiring combinations between operators should be as diverse as
possible. Since TVM performs graph-level optimizations, it needs
to guarantee that these optimizations correctly handle graphs of
various possible topologies and operator combinations. Let operator
coverage [22] be used to measure the expressivity of the graphs at
the operator level. As Figure 2(b) shows, type-valid graphs having
8+ vertices can only cover less than 50% of operators, and thus are
inexpressive in TVM testing.

Few techniques successfully tackle both challenges at the same
time. For example, LEMON [35] suggests the idea of mutating real-
world DL models to generate more complicated ones, while it re-
stricts the mutation to operators whose input and output tensor
shapes are identical. Muffin [12] and Luo et al. [22] leverage pre-
defined structure templates or random graph models to generate
graph structures, followed by filling in tensor types and operator
attributes. However, they do not fully support type constraints of
common operators and their graphs miss certain wiring combina-
tions. NNSmith [20] incrementally generates computation graph
for testing DL compilers. However, it requires large human efforts
to write low-level SMT constraints for each operator; it also fails to
guarantee the expressivity of computation graphs. To the best of
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Figure 1: Compilation flow of TVM.
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Figure 2: Validity and expressivity of 10k graphs generated
through pure random sampling with increasing graph size.

our knowledge, few techniques can generate both type-valid and
expressive computation graphs for sufficiently testing TVM.

Our Work. To tackle the challenges in DL compiler testing and
overcome the limitations of existing methods, we specify the con-
straints on operators using a domain-specific language, measure
a graph’s expressivity by its vertex and edge diversities, and then
present GENCoG (Generator of Compution Graphs), a DSL-based
approach to computation graph generation for TVM testing. Our
core insight is that solving type constraints helps generate compu-
tation graphs that are both type-valid and expressive. On validity,
we take type checking as the critical graph validation stage in TVM.
As long as a computation graph meets the type constraints of oper-
ators and passes type checking, it is able to exercise the subsequent
core functionalities of the compilation flow. On expressivity, we
believe that the type constraints define the space of feasible com-
binations of input tensor types and attributes of an operator. By
adequately exploring this space, along with trying different wiring
combinations, GENCOG generates expressive computation graphs
which can reveal deep bugs in TVM.
We make the following contributions in this paper:

(1) Language. We design GENCOGL, a domain-specific lan-
guage (DSL) for specifying type constraints of operators.
GENCOGL is expressive in representing constraints on ten-
sor types and operator attributes. GENCoGL also takes a
classified approach to specification, making its constraints
concise and comprehensible.

(2) Algorithm. We propose two algorithms for computation
graph generation. The first algorithm incrementally gener-
ates computation graphs with an expressivity-directed strat-
egy, allowing rich operator calls and wiring combinations
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to be constructed. The second concolically solves type con-
straints in GENCoGL, producing type-valid and expressive
operator calls. With both algorithms, GENCoG promotes ex-
pressivity of generated graphs at operator and graph levels.

(3) Evaluation. We implement and evaluate GENCoG on TVM
v0.8 and v0.9!. Our results show that GENCOG is effective
in generating type-valid and expressive computation graphs
— all of the GENCoG-generated graphs pass type check-
ing, a critical graph validation stage; GENCoG outperforms
state-of-the-arts by achieving 1.65~6.93x in vertex diversity
and 1.06~7.08x in edge diversity, respectively. Furthermore,
GENCOG has detected 16 bugs in TVM v0.8 and v0.9, with
14 confirmed and 12 fixed.

The rest of this paper is organized as follows: §2 and §3 present
the background and an illustrative example, respectively. §4 in-
troduces GENCoOGL, our DSL for specifying type constraints. §5
provides the details of the graph generation approach. §6 evaluates
GENCOG. §7 presents related work and §8 concludes.

2 BACKGROUND

2.1 TVM and Relay IR

TVM is an end-to-end DL compiler stack. It compiles DL models to
executable programs by a compilation flow shown in Figure 1. The
input to TVM is a model defined in any supported DL framework.
The compiler frontend imports the model and converts it to Relay
Intermediate Representation (IR). Relay is the common high-level
IR for models imported from different DL frameworks, and it keeps
the structure and constraints of these models.

In this paper, GENCoG generates computation graphs in the
form of Relay IR. The Relay IR goes through several high-level
optimizations including graph substitution [9, 16] and operator
fusion [27, 43]. Then the operators in Relay IR are lowered to their
specific implementations in low-level Tensor IR (TIR). Such imple-
mentations are predefined in the Tensor Operator Inventory (TOPI).
At the TIR level, many implementation-specific optimizations are
performed. The code generator finally translates TIR to target code,
which is eventually compiled into an executable program deployed
on a device.

For Relay IR, type checking is a critical graph validation stage.
Type checking checks whether the input tensor types and attributes
meet the type constraints of each operator, and computes the output
tensor types. Type checking is frequently called in TVM: TVM runs
this stage both after converting a model from DL framework to
Relay IR and after applying any optimization on Relay IR. If a
computation graph passes type checking, it is then processed by
the successive compilation flow and is able to exercise other key
components in TVM.

2.2 Preliminaries

The core of GENCOG is to specify and solve type constraints of
operators for graph generation. We formally define several concepts
related to this topic.

Definition 2.1 (Computation Graph). A computation graph G =
(V,E, X) is a direct acyclic graph (DAG) with tensor data flow. V is

ISource code is available at https://github.com/wzh99/GenCoG.
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the vertex set and each vertex v € V represents a call to an operator.
E is the edge set and each directed edge (u,v) € E represents a
dependency of v on u. X is the tensor set and each tensor x € X isa
symbolic value produced by an operator. Each (u,v) € E maps to a
tensor x € X, which is the specific value for which v depends on u.

Definition 2.2 (Tensor Type). For each x € X, its tensor type
type(x) has the following form:

Tensor[(dy,ds, ..., dy),dt]. (1)

(d1,do, . .., dy) is the shape of the tensor and k is the rank. dt is the
data type of the tensor.

Definition 2.3 (Operator). An operator op is a function that per-
forms primitive computation or transformation on input tensors.
op is called in the following form:

Y- yn = op(x1, ..., xm){ll = ag,....lp = ap}. (2)

X1,...,Xm are inputs and yi,...,y, are outputs of the operator.
{h =a1,...,lp = ap} is a dictionary of attributes of the operator
call. The attributes are named compile-time constants that deter-
mine the behavior of the operator.

Definition 2.4 (Type Constraint). The type constraint on an oper-
ator op is a predicate on the types of its inputs and outputs, as well
as its attributes:

Pop(type(x1), ..., type(xm); type(y1), ..., type(yn);

11 =a1,...,lP=ap).

3 ANILLUSTRATIVE EXAMPLE

GENCOG consists of (1) GENCoGL, a DSL for specifying type con-
straints of operators in TVM, and (2) an incremental graph genera-
tion approach that concolically solve type constraints to generate
expressive graphs. We present an example, as Figure 3 shows, to
illustrate how GENCoOG generates computation graphs.

Operators and Type Constraints. Operators are the building
blocks of a computation graph, and each call to an operator should
satisfy the constraints imposed by the operator. There are three
operators involved in this example, including dense, expand_dims,
and add. Figure 3 shows the definitions of the attributes, input
and output tensor shapes of these operators. Their definitions al-
ready contain several in-place constraints, such as the attribute
axis € [0, k] in the operator expand_dims. Tensor data types are
trivial in this example and we assume that they are all float32.
Extra constraints are the constraints on the operator attributes and
input tensor types in addition to their original definitions. The op-
erator add contains such an extra constraint, which is named the
broadcasting rule.

Type constraints of operators are varied in their forms. From
Figure 3 we can see that these constraints can be classified into
three categories:

(1) Numerical constraints, including equalities or inequalities in-
volving integer or floating point arithmetics. The constraint
axis € [0,k] of expand_dims is a numerical constraint.

(2) Logical constraints, which are propositions joint by logical
connectives. Usually, the clauses in a logical constraint are
numerical constraints. The above-mentioned broadcasting
rule of add can serve as an example.
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and tensor types of the call to expand_dims. With an expressivity-
directed strategy and a concolic constraint solving technique, GENCoG
incrementally generates type-valid and expressive computation
graphs.

The computation graph Gj is further grown to G. As Figure 3
shows, G2 owns five operator calls, each having a unique combina-
tion of tensor shapes. There are four wiring combinations between
operators as well. This computation graph triggers an operator
fusion bug in TVM, which will be further explained in §6.5.

4 GENCOGL: A DSL FOR SPECIFYING TYPE
CONSTRAINTS OF OPERATORS

We design GENCOGL, a Python-embedded DSL, for specifying type
constraints in an expressive and comprehensible way. GENCOGL is
fundamental to GENCOG in generating valid and diverse computa-
tion graphs.

(IN|ouT) [e].(rank | shape | dtype)

(tensor type reference)

c true | false | Z |R | 1| dt (constant)
T bool | int | float | str | DataType (type annotation)
r range e e (range)
bop +|—-1]x]|/| mod | min | max (binary operator)
cop i==|#|<[<]|>]2 (comparison operator)

Figure 4: Abstract syntax of GENCoGL expressions.

Rich Constraint Forms. GENCOGL supports various constraint
forms, including numerical, logical and structural constraints. Each
constraint is expressed by a GENCoGL expression, and the expressiv-
ity of GENCOGL stems from the richness of its expressions. Figure 4
shows the abstract syntax of GENCoGL expressions. The expression
forms involve constants, variables, arithmetics, logics, lists, sets,
and domain-specific references. Developers write these expressions
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TypeSpec(
# Requirements on attributes and
# input tensor types
attrs={
'newshape': List(
Var(ran=Range(1, 6)),
lambda _: Var(int, tmpl=True)

Extra Constraints }

Attributes Number
Define: in_nun Refer: IN. nun :
Type ' )
3,
in_num=1,
in_ranks=[Var()1],
in_shapes=[
List(
INLO]. rank,
lambda _: Var(tmpl=True)
)

1,
in_dtypes=[Var()1,
extra=
Reduce(IN[@].shape, 'x', 1) ==
Reduce(a('newshape'), 'x', 1)

1,

Output Tensor Types

Number
Define: out_nun Refer: OUT . num
Type: int

Ranks
i| Define: out_ranks
i| Refer: 0UTC1]. rank
| Type:Listlint]

Data Types
Define: out_dtypes

| # Guarantees on output tensor types
Type: List[DataType] ] 1

out_num=1,
out_ranks=[Len(a('newshape'))],
out_shapes=[a("'newshape')],
out_dtypes=[IN[0].dtype]

(a) Complete structure of a constraint spec- (b) Constraint specification of the
ification. reshape operator.

Figure 5: The structure of a constraint specification and a
corresponding example in GENCoGL.

by calling their corresponding Python APIs. With these expression
forms, GENCoGL supports type constraints for almost all of the
common operators.

Classified Specification. In GENCoGL, a constraint specification
contains several expressions. To organize these expressions into a
well-formed specification, GENCOGL takes a classified approach,
where each class focuses on one aspect of the specification.

As Figure 5(a) shows, attributes are defined as a dictionary in
field attrs, and an attribute named [ can be referred to by an
expression a . For both input and output tensor types, GENCoG
further splits the specification into four classes (number, ranks,
data types, and shapes, respectively). This allows the constraints of
tensor types to be specified at different granularities. Any class for
input tensor types can refer to any attribute item, and vice versa.
Any class for output tensor types can refer to any attribute item
and any class for input tensor types. Extra constraints are a list of
Boolean expressions, each of which explicitly defines a predicate
on the elements of attributes and input tensor types.

With its classified approach, GENCoGL guides developers to
organize type constraints in a hierarchy. It helps developers write
correct, concise and comprehensible constraint specifications.

Case Study. Figure 5(b) shows the constraint specification of the
reshape operator. First, there is one attribute newshape, defining
the target shape. newshape is provided with a list constructor, pre-
senting that its structure is a list whose length is within the range
[1,6). The body of the lambda expression is a template variable,
indicating that each element is a unique integer variable. Second,
reshape has only one input tensor and it can be of arbitrary rank
and shape. We define one variable as the rank of the input tensor in
in_ranks, which is referred to by in_shapes for defining the shape
of the input tensor. Third, the number of elements in the output
tensor must be equal to the one of the input tensor. We define this
constraint in the extra field of the specification, which computes
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Figure 6: The graph generation process of GENCoG.

the numbers of elements in input and output tensors and equate
both numbers. Fourth, reshape has one output tensor, which has
the same data type as the input. The rank and shape of the output
is provided by newshape.

5 APPROACH

As shown in Figure 6, GENCoOG follows a general process pre-
sented in NNSmith [20], which incrementally generates computa-
tion graphs. Furthermore, GENCoG adopts an expressivity-directed
strategy and a concolic constraint solving method, which guarantees
the type-validity and expressivity of the graphs. The generated com-
putation graphs are then used to reveal deep bugs that interrupt
the deployment of DL models or lead to incorrect results.

5.1 Expressivity-Directed Graph Generation

GENCoG is an expressivity-directed approach to generating expres-
sive graphs, aiming at triggering core compilation and optimization
functionalities of the TVM during testing.

Expressivity Metric. Given a set of computation graphs, we

simply measure their expressivity by their vertex and edge diversities
(a.k.a., vertex and edge coverage in [22]).

Definition 5.1 (Vertex Diversity and Edge Diversity). Given an
operator set O and a test suite G of computation graphs, we define
vertex diversity divy (G) and edge diversity divg(G) as follows:

#{(v.in_types, v.attrs) | v.op=0,0 € G.V,G € G}

1
di =—>

ioy (G) 70 24 Noer (0) )
divg(G) = #{(01,02) | v1.0p =01,vz.(o#poz):z, (v1,2) € G.E,G € Q}, )

where in_types, attrs, and op are the input tensor types, the
attribute dictionary, and the operator of a vertex v, respectively;
Nes: is a rough estimate of the size of an operator 0’s call space.

Vertex diversity evaluates the variety in combinations of in-
put tensor types and attributes of operator calls, corresponding
to the expressivity at the operator level. Edge diversity evaluates
the variety of wiring combinations between any two operators,
approximating the expressivity at the graph level.
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Algorithm 1: Generating a computation graph.

Algorithm 2: Solving type constraints of an operator.

Input: Operator set O, vertex limit n,, rejection probability pre;.
Output: Computation graph G.

1 xo < Create tensor with randomly generated tensor type 7;
2 X — {xp},V « 0;
3 Re—{o— {}|oe0};
4 while #V < n, do
> Sample the first input tensor and operator
5 x{ « Sample a value in X;
6 Ocand < {the first input of o0 is compatible with x| | 0 € O};
7 op « Sample an operator in Oganq with Equation 6;
> Sample attributes and the rest input tensors through constraint solving
8 Try to solve specification S for op given [type(x])] with Algorithm 2;
9 if solving failure is reported then continue;
10 X" « Try to match tensors in X according to input tensor types
specified by S;
11 if X" cannot be constructed then continue;
12 Try to solve S again given [type(x;}) | x} € X'];
13 if solving failure is reported then continue;

> Create vertex

14 Evaluate output tensor types in S;
15 X© « Create output tensors with types in S;
16 v < Create a call to op with S.attrs, X* and X°;
> Possibly reject the vertex if it is not unique
17 if (v.in_types, v.attrs) € R[op] then
18 ‘ if rand() < prej then continue;
19 else
20 L Rlop] « R[op] U {(v.in_types, v.attrs)};

> Extend the graph with the new vertex
21 | Ve VU{oh X« XUXY%

22 Create computation graph G with V and X;
23 return G;

Algorithm. GENCOG takes an expressivity-directed strategy in
generating computation graphs — The higher expressive a compu-
tation graph, the more diverse the vertices/edges (and the wiring
combinations), and thus the more compiling/optimization logic of
a DL compiler be triggered during testing. >

Correspondingly, GENCoG uses vertex diversity to direct graph
generation. The direction of vertex diversity is applied in two steps
of the generation process: (1) selecting an operator from candidates,
and (2) deciding to add a new vertex to the graph. When sampling
an operator, GENCOG first computes a normalized score score(o;)
for each operator o; in the candidate operator set Oc,,4, according
to its contribution to increase in vertex diversity in the recent
generation process. Then, the candidate operators are sampled
from the following Softmax probability:

exp(score(o;))
20, Ocang EXP(sCOTE(0}))

If an operator o; has a large search space, it will continuously
contribute to the increase in vertex diversity, thus achieving higher
score(0;) and higher probability of being chosen.

After a vertex is successfully constructed through constraint
solving, GENCoG checks whether it increases the expressivity. If
the expressivity is increased, the vertex can definitely be added to
the graph. Otherwise, GENCOG rejects the vertex with probability

Prob(o;) = (6)

2We do not use TVM’s code coverage (e.g., statement coverage or branch coverage) as
a metric to direct graph generation, since graphs of high expressivity may not achieve
high code coverage during testing.

Input: Constraint specification S, known types of input tensors
T =[1],....1,].
Output: Solved specification S.
1 Specialize S given T*;
2 while true do
> Simplify expressions until a fixed point is reached

3 repeat
4 alt « false;

> Simplify attributes and input tensor types

5 foreach [ — e € S.attrs do
6 | alt « alt v simplifyAttr(l,S);
7 alt « alt v SimplifyTypes(S);
> Simplify extra constraints
8 C« 0;
9 foreach e € S.extra do
10 e’ « SimplifyExpr(e, S);
1 alt — alt Vv (e £ €’);
12 if e = false then report solving failure;
13 else if e # true then C « C U {e’};
14 S.extra « C;
15 until -alt ;

> Constrainedly sample variables
16 Cs < IdentifySolvable(S);
17 if =ConstrainedSample(Cs, S) then break;

18 if S has unsolved constraints then report solving failure;
19 return S;

Prej- A vertex may still be kept in this case as it would be helpful
for increasing edge diversity.

Algorithm 1 shows the procedure of generating a computation
graph. At first, an initial tensor xq is created to serve as the input of
the whole graph (Line 1). Then the algorithm iteratively generates
the graph until the vertex limit n, is reached (Line 4). During each
iteration, a tensor is firstly chosen (Line 5), and a matching operator
is sampled with probability in Equation 6 (Line 7). The algorithm
determines operator attributes and the other input tensors by calling
Algorithm 2 (Lines 8 and 12). If there is a failure during constraint
solving, the operator is abandoned. Otherwise, the algorithm creates
a new vertex v and determines whether this new vertex should be
added to the vertex set V (Lines 17~20). At the end of the algorithm,
the complete graph is created (Line 22), consisting of all of the
vertices and tensors kept during incremental generation.

5.2 Concolic Constraint Solving

GENCoG employs a concolic algorithm to solve type constraints
specified in GENCoGL for each operator. The key idea of this algo-
rithm is to combine symbolic constraint solving with concrete tensor
types that are already known in the computation graph. In this way,
the exploration of the call space of operators is decomposed to a
series of sampling in a lower dimensional space, which makes the
exploration more adequate. This section details the constraint solv-
ing algorithm, which is an iterative algorithm based on expression
simplification and constrained random sampling.

Expression Simplification. The constraints in a specification
written in GENCOGL may contain several structural (list-related)
and domain-specific (attributes and tensor types) expression forms.
These high-level forms cannot be processed by mainstream SMT
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solvers. We convert these expressions to numerical and logical
expressions by specializing them with known values from the spec-
ification. Our implication strategies are summarized as follows:

o Logical expression. For and and or, we either eliminate the ex-
pression with short-circuit evaluation or reduce the number
of clauses in the expression. forall is expanded to an and
expression. For cond, the corresponding branch is chosen
according to the predicate.

e List. We try to simplify the list expression to a list literal
and select or transform the expression elements in it. Non-
determinism is involved in the simplification of in and
subset, where one or more elements are arbitrarily selected
from a list-represented set. A random number generator [28]
is used for sampling elements.

o Domain-specific reference. The reference is replaced with the
corresponding expression in the specification.

Solvable Variables and Constraints. GENCoOG may perform
several iterations such that a specification can be completely solved.
The reason is that there are definition dependencies among variables
in a specification, where a variable can only be defined after another
variable is solved. As Figure 5(b) shows, the variables of elements
in newshape are defined only after the length of newshape is de-
termined. The extra constraint in the specification is not solvable
during the first iteration. Therefore, GENCoOG needs to identify
solvable variables and constraints within one iteration. A solvable
variable is a concrete variable that is only bounded by solvable
constraints. A solvable constraint is a constraint that only contains
solvable variables as well as numerical and logical operations. We
adopt the union-find algorithm [15] to identify these variables and
constraints.

Constrained Random Sampling. After the solvable variables
and constraints are identified, GENCoG determines the values of the
solvable variables with constrained random sampling. If a variable
is only bounded by a constant range, GENCoG directly samples the
specified range because the variable is orthogonal to the others.
For the other variables and constraints, GENCOG resorts to an SMT
solver (Z3 [5] in our implementation). We enable the SMT solver
to produce randomized solutions by encoding the constraints in
bit vector arithmetics and setting random phase selection. Based
on the randomized results of constrained sampling, GENCoG is
able to explore the call space of operators adequately and promote
diversity at the operator level.

Algorithm. Algorithm 2 shows the detailed procedure of con-
straint solving. In the beginning, the algorithm specializes the spec-
ification by assigning the variables related to known tensor types
(Line 1). Then it iteratively solves the constraints. One iteration
contains two main stages. During the first stage, the algorithm
simplifies the expressions in the specification repeatedly until a
fixed point (Lines 3~15). Either SimplifyAttr or SimplifyTypes
updates the simplified expression in-place, returning a Boolean
indicating whether the expression is altered (Lines 5~7). The extra
constraints are also simplified (Lines 8~14). During the second stage,
the algorithm finds solvable variables and constraints (Line 16), and
leverages constrained random sampling to solve these constraints
(Line 17). The loop terminates if no variable is solved during one
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Table 1: List of the 62 operators supported by GENCoG.

Category ‘ Operators

Element-wise negative, abs, ceil, floor, round, trunc, exp, sin, cos, tan,

sigmoid, tanh, relu, leaky_relu

Broadcasting ‘ add, subtract, multiply, divide, maximum, minimum
Reduction ‘ sum, mean, min, max

Tensor expand_dims, squeeze, reshape, transpose, concatenate,
Transformation split, strided_slice

convld, conv2d, conv3d, convid_transpose,
conv2d_transpose, conv3d_transpose, max_poolid,
Convolution & max_pool2d, max_pool3d, avg_poolid, avg_pool2d,

Pooling avg_pool3d, adaptive_max_poolild, adaptive_max_pool2d,
adaptive_max_pool3d, adaptive_avg_poolid,
adaptive_avg_pool2d, adaptive_avg_pool3d

dense, bias_add, prelu, softmax, batch_flatten, pad,
batch_norm, layer_norm, instance_norm, group_norm,
upsampling, upsampling3d

Other Neural
Network Operators

iteration. The algorithm reports a solving failure if any expressions
are left unsolved (Line 18).

6 EVALUATION

This section evaluates GENCOG. The evaluation is designed to an-
swer the following research questions:

e RQ1 (Validity) How much of the computation graphs gen-
erated by GENCoG are valid?

e RQ2 (Expressivity) How expressive are the graphs gener-
ated by GENCoG?

¢ RQ3 (Effort) How much human effort is required to support
graph generation of GENCoG?

¢ RQ4 (Bug) What bugs are detected by GENCoG in TVM?

6.1 Setup

Implementation. The core functionality of GENCOG is imple-
mented in around 4.8k lines of Python code. As is shown in Table 1,
we provide type specifications in GENCoOGL for 62 commonly-used
operators in TVM, which are chosen based on their popularity in
mainstream DL models and pervasiveness in computational pat-
terns. These specifications can easily be extended to support addi-
tional operators.

Baselines. Table 2 shows the methods for DL infrastructure testing
which are compared with GENCoG in the evaluation:

e LEMON [35] is a mutation-based model generator for DL li-
brary testing. LEMON only generates Keras® models, and we
convert these models to Relay IR with TVM’s Keras frontend.

o Muffin [12] is a DL library testing technique via neural archi-
tecture fuzzing. Muffin proposes two graph structures: chain
structure and cell-based structure, which are marked in our
evaluation as Muffin-Chain and Muffin-Cell, respectively.
Muffin also generates Keras models, and we apply the same
conversion process as LEMON to Muffin’s models.

e Luo et al. [22] propose a graph-based fuzz testing method for
DL inference engines. They apply two random graph models
to graph generation: Watts-Strogatz (WS) model [36] and

3https://keras.in/
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Table 2: Summary of the techniques under comparison.

Graph Generation Original

Technique Method Representation

Validity-Keeping Strategy

Expressivity-Improving Strategy

LEMON [35] Mutation-based Keras!

only
Muffin-Chain/Cell [12] Generation-based ~ Keras!
Luo-WS/RN [22] Generation-based ~ Relay?
NNSmith [20]

Generation-based ~ PyTorch!

Using adapting operators
Using adapting operators

Symbolic solving of SMT constraints

Allowing for shape-preserving operators MCMC-guided model mutation

Using graph structure templates

Using random graph models & performing
MCTS-based operator sampling
Incremental graph generation

GENCOG Generation-based  Relay

Concolic solving of GENCOGL specifications Expressivity-directed graph generation

1. The Keras and PyTorch models need to be converted into the corresponding Relay IR for TVM testing.

2. Luo’s technique is reimplemented since its source code is not publicly available.

Residual Network (RN) model, which are marked as Luo-WS
and Luo-RN, respectively, in our evaluation.

o NNSmith [20] is a graph generation technique for deep learn-
ing compiler testing. It generates DL models in PyTorch [30]
originally and converts the model to Relay.

For RQ1 and RQ2, we set the tensor rank range as [1,5] and
the shape dimension range as [1, 4] for quantitatively comparing
the techniques. For RQ4, we do not impose such restrictions. For
GENCOG, we set vertex limit n, = 32 and rejection probability
Prej = 0.9.

Metrics. We evaluate GENCoG on the release versions of TVM,
including v0.8 and v0.9.* We use the following metrics to evaluate
GENCoG:

— Pass rate of type checking. We use pass rate of Relay’s type
checking to evaluate the validity of generated graphs. For all the
compared methods, we generate 1k graphs and count the number
of graphs that pass type checking of TVM v0.9. Since graphs gener-
ated by LEMON, Muffin, and NNSmith are not originally in Relay,
we report pass rates of computation graphs in both their original
representations and Relay.

— Vertex and edge diversity. We use the vertex and the edge
diversities in §5.1 for expressivity measurement. > For each method,
its generated graphs collectively contain at most 20k vertices.

— Code length of constraint specifications. As GENCoG requires
developers to provide constraint specifications, it is necessary to
evaluate how much human effort is involved in this work. We
measure the code lengths of the specifications written in GENCoGL
and compare them against the ones in NNSmith.

6.2 RQ1: Validity

Figure 7 shows the type checking pass rate of graphs generated by
the methods. In their original representations, LEMON, Luo et al.,
NNSmith, and GENCoG all achieve 100% pass rate. Muffin, however,
fails to guarantee the validity of the computation graphs even in its
original Keras representation. For the two graph structures, 3.0%
(Muffin-Chain) and 9.1% (Muffin-Cell) of the graphs are invalid.
The rejections of the graphs by Keras are mainly caused by invalid
tensor shapes (such as (1, 4,0)) in the graphs generated by Muffin.
4v0.8 and v0.9 are the most recent TVM versions when we prepared this paper.

5To fairly compare the methods, we limit the generation to a set of 22 operators which
are commonly supported by all methods.
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Figure 7: Type checking pass rate of 1k graphs generated by
the graph generation methods. For LEMON, Muffin-Chain,
Muffin-Cell, and NNSmith, the upper parts of the stacked
bars represent the graphs accepted in their original represen-
tations but rejected by Relay after conversion.

The invalidity of the graphs is also raised by the conversion process.
For LEMON, Muffin, and NNSmith which rely on TVM’s frontend
to convert the computation graphs, about 10%~20% graphs that are
valid in the original representations become invalid in Relay. The
reason is that TVM’s frontend cannot perfectly align the semantics
of operators in the original representations and the ones in Relay.
Comparatively, GENCoG directly generates computation graphs
in Relay and 100% of the graphs are accepted by Relay. GENCoG
effectively guarantees the type-validity of generated graphs.

Answer to RQ1. GENCoG achieves 100% pass rate of type
checking. GENCoG guarantees the validity of generated graphs.

6.3 RQ2: Expressivity

We measure the expressivity of generated computation graphs
by their vertex/edge diversities. The diversities of the compared
methods are listed in Table 3. LEMON have extremely low vertex
and edge diversity. The two structures proposed by Muffin perform
better, followed by NNSmith and two graph models from Luo et al.,
and GENCoG has the highest diversities.

We take a further investigation of the diversities achieved by
these techniques. LEMON only handles sequential graph structure
and shape-preserving operators, and thus it is not able to gener-
ate expressive computation graphs. Muffin and Luo et al. generate
operator calls with hand-written sampling procedures, which can-
not adequately explore the call space of some operators. Besides,
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Table 3: Expressivity of the compared methods with a limit
of 20k vertices.

Method Vertex Edge
LEMON 0.087 0.136
Muffin-Chain 0.252 0.446
Muffin-Cell 0.254 0.455
Luo-WS§S 0.325 0.901
Luo-RN 0.365 0.907
NNSmith 0.293 0.707
GENCoG 0.603 0.963
Outperformance 1.65~6.93x  1.06~7.08x

both methods generate graph structures and operator calls sepa-
rately, and use auxiliary operators (e.g., pad, slice, and reshape)
to align input tensor shapes for operators with multiple inputs. This
strategy hinders the exploration of various wiring combinations
between operators. NNSmith employs symbolic constraint solving,
which only guarantees validity and does not improve expressivity
at operator level. We observe that the operator attributes in graphs
generated by NNSmith are usually boundary values. Though NN-
Smith does not use auxiliary operators when generating graphs
in its original representation, it still does not achieve high edge
diversity because some adapting operators are introduced when
converting PyTorch models to Relay IR.

Comparatively, GENCOG achieves the highest diversities among
the compared methods, outperforming these baselines by 1.65~6.93x
in vertex diversity and 1.06~7.08x in edge diversity. The high vertex
diversity of GENCoG comes from our expressivity-directed gen-
eration strategy and concolic constraint solving algorithm, which
explore space of valid computation graphs more adequately, and
provide a stronger guarantee on the expressivity of graphs. Note
that the edge diversity of GENCOG is also the highest. Though
GENCOG does not take edge diversity as guidance, it does not
compromise edge diversity and still promotes variety of wiring
combinations between operators.

Answer to RQ2. GENCOG is effective in generating expres-
sive computation graphs. GENCoG outperforms existing graph
generation techniques by 1.65~6.93x in vertex diversity and
1.06~7.08x in edge diversity.

6.4 RQ3: Effort

We compare GENCoG against NNSmith by the code length for spec-
ifying the type constraints of 10 representative operators.® The
results are shown in Figure 8. It can be observed that GENCoG
always requires fewer lines to write specifications than NNSmith.
For operators with simpler constraints like abs, the code length
of GENCOGL specifications is comparable with NNSmith. How-
ever, for operators with more complex constraints including add,
concatenate, and conv2d, the degree to which the code length
is reduced becomes more significant. In total, GENCoG reduces
lines of code for specifying constraints by 44.1% compared with

%Al the specifications are formatted with PEP8 (https://peps.python.org/pep-0008/)
with a line length limit of 99 characters.

Qe w o o=
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Figure 8: Lines of code for specifying type constraints of 10
representative operators in NNSmith and GENCoG.

Table 4: Statistics of the constraints of the 62 operators.

Kind Mean Min Max
Numerical 6.14 3 15
Logical 0.37 0 3
Structural 3.60 2 8
Total 10.11 5 22

NNSmith. This means that GENCoGL is concise and well-organized,
which effectively reduces human efforts for ensuring validity of
computation graphs.

Let the broadcasting rule mentioned in Figure 3 be taken as an
example. This constraint can be specified in GenCoGL with only
five lines:

ForAll (Range(end=IN[@].rank.min(IN[1].rank)),
lambda i: Or(
IN[Q].shape[m-i-1]

IN[1].shapel[n-i-117,
IN[Q]. shape[m-i-1] 1

= , IN[1].shapeln-i-1]

== 1

)

Comparatively, NNSmith needs 28 lines of code’ for specifying the
rule. NNSmith needs to manually handle low-level implementa-
tion details of the constraints, including aligning the input shapes,
defining numerical constraints for each shape dimension, and sim-
plifying the constraints algebraically. In contrast, GENCoG only
requires a high-level definition and handles all the implementation
details automatically in concolic constraint solving.

We conduct a simple study on the type constraints involved in
the operator specifications. We count the constraints in the specifi-
cations for the 62 operators and list the statistics in Table 4. From
the total number of constraints in each specification, we can see
that the complexity of type constraints is greatly varied, ranging
from 5 (for elementwise operators such as relu) to 22 (for conv3d).
On average, one operator has more than 10 constraints. This indi-
cates that GENCOGL is able to express complex type constraints of
operators, and GENCOG can also correctly solve these constraints.
From the detailed statistics on different kinds of constraints, we
can observe that both numerical and structural constraints are very
common, while logical constraints appear less frequently.

"https://github.com/ise-uiuc/nnsmith/blob/v0.1.0/nnsmith/abstract/op.py#L187-
L216
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Table 5: Details of the bugs detected by GENCoG in TVM v0.8
and v0.9.

Occurring Causal Root Previousl
Index  Symptom Componegnt Component Cause' Status Unknowx)i
TVM v0.8
1 Crash Relay Relay IMA Fixed v
2 Crash Relay Relay IMA Fixed v
3 Crash TIR LLVM Target TDTP  Fixed
4 Exception Relay Relay TSP Fixed v
5 Exception Relay Relay OAP Fixed
6 Exception Relay Relay TDTP  Fixed
7 Exception Relay Relay IMA Confirmed v
8 Exception TOPI Relay OAP Fixed v
9 Exception TOPI Relay I0L Confirmed v
10 Exception Runtime TOPI TSP Fixed v
11 Inconsistency Runtime TOPI IMA Reported v
12 Inconsistency Runtime TOPI IOL Fixed v
13 Inconsistency Runtime TOPI OAP Fixed
TVM v0.9
14 Inconsistency Runtime TOPI TSP Fixed
15 Inconsistency Runtime TIR IOL Fixed v
16 Inconsistency Runtime Relay IOL Reported v

1. Abbreviations of root causes: IMA - Invalid memory access; TSP - Tensor shape
problem; TDTP - Tensor data type problem; OAP - Operator attribute problem;
IOL - Incorrect optimization logic.

Answer to RQ3. GENCoGL is concise and expressive in speci-
fying type constraints of operators. GENCoG effectively reduces
human efforts—compared with NNSmith, GENCoGL saves 44.1%
lines of code in specifying type constraints on operators.

6.5 RQ4: Bug

We use a two-step process to detect the TVM bugs. First, we run all
testing techniques for 24 hours, including generating and compil-
ing graphs. Specifically, we compile each generated graph at five
optimization levels and feed these five compiled graphs with the
same tensor inputs. Second, we check crashes and inconsistencies
among the outputs to detect bugs. We then manually identify the
root causes of the bugs.

GENCOG detects 13 bugs in TVM v0.8 and 3 additional bugs in
TVM 0.9. We check issues and pull requests in the GitHub repository
of TVM and report previously unknown bugs. To date, 14 TVM
bugs have been confirmed by developers and 12 have been fixed.

Among the 16 bugs detected by GENCoG, LEMON, Muffin, Luo
et al., and NNSmith are able to detect 3, 7, 8, and 9 of them. There are
7 bugs that are only detectable by GENCoG. GENCoG detects these
unique bugs by generating more expressive computation graphs,
with increased vertex and edge diversities.

Table 5 shows the details of the 16 TVM bugs detected by GENCoG,
including their symptoms, occurring components, causal compo-
nents, root causes, statuses, and whether they are previously un-
known. The occurring component is the TVM component whose
API is called by user code when the symptom occurs, while the
causal component is the one that has a defect causing the bug.

Root Cause and Case Study. We identify the root causes of all the
bugs detected by GENCoG and present a case study of representative
bugs for each category of the root cause.
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Tensor shape problem (TSP). Tensor shape determines the struc-
ture of a tensor, and it is critical for lowering and optimization in
TVM. As the computation of tensor shape is sometimes complex, de-
velopers are liable to make mistakes in this aspect. The bugs in this
category mainly occur as unexpected exceptions in shape-related
checking or computation in several compiler components.

Bug 4 in Table 5 is an exception bug in type checking of conv3d
in TVM v0.8. When both kernel_size and channels (output chan-
nel number) are provided, weight shape is inferred from input data
shape and attributes. However, the weight shape is wrong in some
cases of group convolution. One case is shown as follows:

def @main(%x: Tensor[(1, float32], %w:
Tensor[(4, 4, 1, 1,
nn.conv3d(%x, %w,

groups=4)

16,
1,

kernel_size=[1, 1,

32, 32, 32),
float32]) {

11, channels=4,

The correct shape of weight %w is annotated in the code, which
is (4,4, 1,1, 1). However, the actual weight shape inferred by Relay
is (16,0, 1, 1, 1), which is obviously wrong. The root cause of this
bug is that the type checking implementation falsely takes the
operator call as a depthwise convolution and computes the wrong
weight shape for this case. This issue is fixed by removing the
special handling of depthwise convolution and replacing it with
more general shape computation code.

Incorrect optimization logic (IOL). TVM performs a number of
optimizations on both Relay and TIR. If the optimization logic is
incorrect, the optimized program may be invalid and the other
optimization passes or compiler components may raise exceptions.
It is also possible that an optimization alters the semantics of IR,
and causes inconsistencies before/after optimizations.

Bug 9 in Table 5 is an operator fusion bug in Relay. When com-
piling the computation graph in Figure 3, TOPI reports an error
that it cannot schedule the tensor program whose output rank is 3.
The root cause is described as follows: During operator fusion, all
of the five vertices in the graph are fused to a single group. Since
dense is the only computation-intensive operator in the group,
TOPI leverages the predefined schedule of dense to handle the
whole group. A rank mismatch occurs here because dense always
outputs a tensor of rank 2 but the whole group outputs a tensor
of rank 3. In fact, dense should not be fused with the add operator
at the bottom of the graph, because the latter is a broadcasting
operator that increases the rank. The operator fusion optimization
does not properly handle broadcasting operators in this case.

Tensor data type problem (TDTP). Tensor data type is the primi-
tive type for each element in a tensor. TVM supports several float-
ing point and integer data types, and there is possibly conversion
between data types during compilation. If the data types are not
carefully handled, bugs caused by type mismatches can occur.

Operator attribute problem (OAP). An operator may contain
several attributes that determine its behavior. Attributes are stored
in each operator call in Relay IR, and they affect the low-level
implementation of these operators in TOPI. Mishandling of operator
attributes may lead to bugs occurring in either component.

Invalid memory access (IMA). An invalid memory access occurs
when a program accesses a memory address that is not physically or
logically valid. If the address is physically invalid (i.e., not allocated
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to the process), there is a segmentation fault and the program
crashes. If the address is logically invalid (i.e., allocated to the
process but out of the expected bound), the program produces
incorrect results. For the element access methods of some data
structures such as std: :vector: :at where the index is bound-
checked, out-of-bound access leads to an exception.

Answer to RQ4. GENCoG detects 16 bugs in TVM v0.8 and
v0.9, with 14 confirmed and 12 fixed. 7 bugs are only detectable
by GENCOG, due to the increased expressivity of computation
graphs generated by GENCoG.

7 RELATED WORK

DL Infrastructure Testing. There are a growing number of re-
searches on improving the reliability of DL infrastructures, includ-
ing libraries, frameworks, and compilers.

One line of work proposes graph-level testing techniques for
DL frameworks. CRADLE [31] and Audee [13] use existing neural
network models for testing. CRADLE [31] feeds existing models
with real-world datasets to detect inconsistencies across different
DL frameworks, while Audee [13] mutates inputs and parameters
to reveal more inconsistencies. LEMON [35] applies search-based
mutation on the shape-preserving operators in existing models for
higher coverage. Muffin [12] and Luo et al. [22] generate computa-
tion graphs from scratch, with hand-coded sampling procedures
for operators and predefined graph structures or models. Therefore,
the computation graphs generated by those techniques lack expres-
sivity at both graph and operator levels. In addition, they require
enormous human efforts to ensure validity for each supported op-
erator. On the contrary, GENCOG generates computation graphs to
achieve high expressivity at both levels, with expressivity-directed
graph generation and concolic constraint solving. The DSL-based
approach of GENCoG also reduces human efforts in ensuring the
validity of the graphs.

NNSmith [20] is a very recent graph generation technique which
employs incremental graph generation and symbolic constraint
solving. However, it requires large human efforts to write low-level
SMT constraints for each operator; it also fails to guarantee the
expressivity of computation graphs, as the results of constraint
solving are usually boundary values. Compared with NNSmith,
GENCOG makes three major improvements: (1) GENCoG takes a
DSL-based approach to constraint specification, which significantly
reduces human efforts for writing specifications of operators; (2)
The graph generation process of GENCoG is guided by expressivity
metrics, which provides stronger guarantees on the expressivity of
the generated graphs; (3) GENCoG proposes a concolic constraint
solving algorithm, which improves operator-level expressivity.

Researches also propose methods for testing DL frameworks
at the API or operator level. Predoo [42] is only able to change
the parameter values inside tensors. EAGLE [34] adopts differen-
tial testing by trying to construct an equivalent graph for each
APT under test. It focuses on inconsistency bugs and also has low
test diversity. FreeFuzz [37] and DocTer [40] infer specifications
by mining open-source code or documentation, which is likely to
introduce false alarms. In addition, these methods are only able
to generate test cases that only call one operator, while computa-
tion graphs call multiple. Comparatively, GENCoOG relies on exact
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constraint specification by developers which ensures validity. It
generates tests with multiple operator calls to reveal more defects.

Another work, Tzer [21], adopts joint IR-pass mutation to gen-
erate code and pass sequences in low-level TIR. Unfortunately, it
cannot apply graph-level mutation for testing graph-level optimiza-
tion in TVM. It is complementary to our GENCOG, targeting bugs
in different TVM components.

Constrained Random Sampling. It is an important problem to
generate a number of random solutions satisfying a set of Boolean
constraints for software testing [10, 29] and hardware verification
[3, 25, 26]. Researchers have proposed several techniques for solving
this problem, utilizing universal hashing [2, 7, 23], Markov Chain
Monte Carlo algorithms [17, 18, 38], and SMT-solvers [6, 8, 24].
They aim to improve the scalability or uniformity of sampling so-
lutions for Boolean constraints, which is not the main goal of DL
operator call generation. Instead, DL compiler testing needs to han-
dle structural constraints on tensor shapes and certain attributes,
and hierarchical constraints which involve definition dependencies.
Therefore, the traditional constrained sampling approach is not di-
rectly applicable to TVM testing. Comparatively, GENCoG provides
a DSL for specifying type constraints of operators and proposes an
concolic algorithm to solve these constraints.

8 CONCLUSION

GENCOG is a DSL-based approach to computation graph genera-
tion for TVM testing. It specifies, using GENCoGL, type constraints
of operators. It employs an expressivity-directed strategy and a
concolic constraint solving approach in incrementally generating
computation graphs. Our evaluation shows high validity and ex-
pressivity of GENCoG-generated computation graphs, as well as
their effectiveness in bug detection.
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