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Towards Efficient Visual Simplification of
Computational Graphs in Deep Neural Networks
Rusheng Pan, Zhiyong Wang, Yating Wei, Han Gao, Gongchang Ou, Caleb Chen Cao, Jingli Xu, Tong Xu

and Wei Chen

Abstract—A computational graph in a deep neural network (DNN) denotes a specific data flow diagram (DFD) composed of many
tensors and operators. Existing toolkits for visualizing computational graphs are not applicable when the structure is highly complicated
and large-scale (e.g., BERT [1]). To address this problem, we propose leveraging a suite of visual simplification techniques, including a
cycle-removing method, a module-based edge-pruning algorithm, and an isomorphic subgraph stacking strategy. We design and
implement an interactive visualization system that is suitable for computational graphs with up to 10 thousand elements. Experimental
results and usage scenarios demonstrate that our tool reduces 60% elements on average and hence enhances the performance for
recognizing and diagnosing DNN models. Our contributions are integrated into an open-source DNN visualization toolkit, namely,
MindInsight [2].

Index Terms—Deep neural networks, computational graphs, graph visualization, graph layout, visual simplifications
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1 INTRODUCTION

D EEP neural networks (DNNs) have been widely used in
various fields, including computer vision, natural language

processing, and autonomous driving [3]. A DNN commonly uses
a multilayer structure to learn and extract high-level features
from the input dataset. Monitoring [4], understanding [5], and
modulating [6] of models become challenging due to the complexity
and abstractness of the associated DNN structures. To address these
challenges, existing mainstream tools, such as TensorBoard [7]
and VisualDL [8], use a visual interface and comprehensive
widgets to support interactive training and applications of DNN
models. A series of visual analysis tools for DNNs [9], [10], [11],
[12], [13] has been proposed by leveraging data flow diagram
(DFD) [14] to help developers understand and manipulate the data
flow structure of DNNs. DNNs are represented as computational
graphs for structural exploration and performance modulation. A
computational graph is generally defined as a directed acyclic graph
(DAG) and consists of tensors (e.g., activations and parameters)
and operators (e.g., convolution and matrix multiplication). Tensors
are represented as nodes or edges, and operators are normally
represented as nodes. The layout, illustration, and exploration of
computational graphs play a vital role in interpreting complex DNN
models [15].

Most efforts on visualizing DNN computational graphs [16],
[17] have focused on optimizing the analysis process of model
modulation. For instance, Net2Vis [18] visualizes CNNs from
Keras [19] code by automatically simplifying the data flow. Tools
like draw convnet [20] and convnet drawer [21] illustrate CNNs
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by automatically drawing diagrams of high-level structures of CNN
layers. Their computational graph serves as an auxiliary for specific
tasks, and lacks the scalability for general models. TensorBoard [7]
and VisualDL [8] provide a general tool to visualize architectures
of machine learning models.

Although these tools are usable in many situations, they are
not efficient adequately to visualize large-scale computational
graphs and the complex DNN structures of current deep learning
(DL) models. On the basis of traditional DFD approaches, they
suffer from visual clutter and performance bottlenecks. Without
appropriate simplifications, visualizations have heavy visual clutter,
significantly lowering the comprehensibility of DNNs. In addition,
user interactions are difficult to perform. Classical focus+context
techniques are no longer efficient and high-performance. For
instance, BERT [1] contains a deep network hierarchy with
5368 tensors and operations. The user interface of TensorBoard
becomes clunky when interacting with the computational graph of
BERT because a number of visual elements need to be rendered
(Fig. 1a). Consequently, it makes sense to achieve a fair balance
between overview and details of exploring computational graphs of
DNNs [1], [22], [23], [24], [25], which contain plenty of elements
and complex structures.

This work focuses on hierarchical clustered computational
graphs [26], whose visualization for general exploration scenes
remains challenging:

C1. Nodes in a computational graph of a DNN have deep
hierarchies. An overview of a large-scale computational graph is
too complex to explore. Abstracting the structures from different
hierarchies remains challenging.

C2. Computational graphs often contain many tensors and
operators whose visualizations exhibit heavy visual clutter, such as
edge crossings and high node density. Conventional representation
approaches can hardly handle their complex structures and a wide
variety of DNNs.

C3. Computational graphs have many similar or isomorphic
structures. Manipulating these clustered structures is visually
unpleasing (e.g., Fig. 1a). Achieving a fair balance between
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Fig. 1. Visualizing the BERT model [1] by TensorBoard (a) and our approach (b). Its computational graph contains 5,698 nodes and 7,340 edges. Our
result depicts sets of isomorphic subgraphs and meanwhile preserves the topological structures.

overview (e.g., highlighting essential graph structures) and details
(e.g., maintaining the topological relationships) brings challenges.

To address these challenges, we propose a visual simplification
approach with a suite of intuitive visual analysis techniques
for computational graphs. Our contributions include a cycle-
removing method that effectively detects and removes directed
cycles generated by the hierarchical structures, a module-based
edge-pruning algorithm that can retain the salient information
of computational graphs, and an isomorphic subgraph stacking
technique that can automatically merge similar or identical graph
substructures. We propose an integrated workflow and implement a
prototype system based on the open-source toolkit MindSpore [27].

We examine the efficiency of our solution with representative
models like: BERT [1] and ResNet-50 [25]. Experimental results
indicate that our implementation can effectively handle computa-
tional graphs with up to 10 thousand elements. Result comparisons
verify that the proposed approach outperforms TensorBoard in
terms of performance, visual complexity, and user interactions.
Fig. 1b shows our result for BERT, which exhibits a more compact
and straightforward structure than that of TensorBoard (Fig. 1a).
Moreover, we conduct a user study and interview experts to evaluate
the utility and effectiveness of our system.

The rest of this paper is organized as follows. Section 2 reviews
related works, followed by the background description in Section 3.
The requirements are analyzed in Section 4, and our approach
is elaborated in Section 5. Evaluation results and discussions are
presented in Sections 6 and 7. Section 8 concludes this work.

2 RELATED WORK

This section presents the relevant studies on the visual explanation
of DNNs, the computational graph drawing, and visual exploration
of hierarchical graphs.

2.1 Visual Explanation of DNNs
Explainable artificial intelligence (XAI) aims to solve the problem
of the “black box” model in artificial intelligence [28], [29].
Research on reliable visualization tools to understand machine
learning models has become prominent in the visualization com-
munity over the past decades [30], [31]. As surveyed by Yuan
et al. [32], existing efforts on visual analytics techniques for
DNNs can be divided into three categories: techniques before [33],
[34], during [9], [35], [36], and after [37], [38] model building.
Our work is designed to enhance the exploration and diagnosis of
computational graphs, which belongs to the techniques after model
building.

XAI methods can be divided into two categories, namely,
internal and external model interpretation [39]. The internal ones

directly visualize the training process and structures to disclose
the “black box”. Alternatively, the external ones use the input and
output of the underlying model to train a new model to assist in
understanding the model by simulating the “black box”. From this
perspective, our work follows the category of the internal model
interpretation by illustrating and analyzing the computational graph
to uncover the data flow process and the model architecture.

TensorBoard [7] graph visualizer excels at visualizing the
computational graph of machine learning models and tracking
various histograms and metrics of models and datasets. Although
effective in many cases, TensorBoard can hardly handle compli-
cated computational graphs. Our work tackles the key problem of
simplifying computational graphs to improve the interpretability
and comprehensibility of computational graphs.

2.2 Computational Graph Drawing

To help uncover the underlying dependencies between data flow
of the increasingly complicated neural networks. Tzeng et al. [39]
propose to represent each neuron in the neural network as a node.
Nowadays, computational graph drawing is a popular tool to depict
the DFD of DNNs [40].

Different approaches are adopted to represent operators and
tensors of the computational graph. Activis [17] encodes operators
and tensors as nodes with different shapes and uses edges to
represent connections between pairs of a tensor and an operator.
The generated bipartite graph provides an easy-tracking topological
structure but contains masses of nodes. TensorBoard represents
operators as nodes and tensors as edges, which provides a relatively
succinct graph. However, it is challenging to understand, especially
for DNNs with complicated forward propagation patterns or
quantities of isomorphic subgraphs. We propose to stack graph
elements to reduce the number of nodes while maintaining the
comprehensibility of the computational graph.

Various layout styles are used to draw computational graphs.
Most works and tools including TensorBoard, VisualDL [8] (whose
computational graph module is powered by NETRON [41]), and
HiddenLayer [42] use a layered graph drawing algorithm, called
Sugiyama Algorithm [43]. It first calculates the node layers from
the downward directed edges and positions the nodes in orderly
rows. Dummy nodes are introduced to represent the bends of
edges that cross the layers during the entire layout process but
are hidden in the final result. In each layer, nodes, including the
dummy nodes, are sorted by using a heuristic algorithm to minimize
edge crossings. During the ordering process, edges with bends at
dummy nodes are determined. To fully use the display space,
Activis [17], DGMTracker [16] and Net2Vis [18] place the flow
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direction from left to right. VisualDL and HiddenLayer support
both flow directions.

Apart from the layer-based edge routing, the orthogonal layout
[44], [45] can be used to depict DFD. Specifically, Eades et
al. [46] propose an orthogonal grid drawing of the clustered graphs,
reducing crossing edges and improving the screen space utilization.
The orthogonal hierarchical layout of DFD [47], [48], [49] can be
enhanced by means of the port constraint [50], where a port refers
to the attachment points of the edges. Our work adopts the layered
layout algorithm to generate an orthogonal style.

2.3 Visual exploration of hierarchical graphs
The visual exploration of graphs plays a vital role in the field of
visual analytics. For large and complex graphs, people usually view
part or all of the graph at different levels of detail because the
graphs can hardly be displayed at one time on a single screen [51].
Thanks to the hierarchical clustering technique, where nodes are
grouped into clusters by superimposing hierarchies on them, people
can navigate the clusters until an appropriate level of the hierarchy
is reached [52].

Generally, effective visual analysis of graphs requires ap-
propriate visual presentations in combination with separate user
interaction facilities and algorithmic graph analysis methods [53].
To view hierarchically clustered networks both with local detail
and global context, many dedicated techniques are employed
for visually simplified representation of clusters and edges. In
addition to the static representation, many efforts focus on transition
techniques for the continuously adaptive and adjustable views of
the clustered graphs [54]. Huang et al. [55] cluster graphs via
node similarity and hierarchically draw the graphs in different
abstract level views. Our computational graph data is generated
with namespaces (see Fig. 5a), which can be used to yield the
graph hierarchy. However, the primitive hierarchies would make
the semantic relationships of graphs misinterpreted. Appropriate
adjustments to the namespaces are necessary. FADE [56] is a fast
algorithm for multilevel viewing of large undirected graphs, which
includes edges and multilevel visual abstraction. Our hierarchical
directed graph is drawn by using ELK1 (Eclipse Layout Kernel,
an open-source library of layered layout algorithms) recursively in
each hierarchy (details are introduced in Section 5.4).

In our work, we propose a series of visual simplification
techniques for nodes within a cluster and edges across different
clusters, with the goal of relieving visual clutter of static layout
and improving the fluency of transitions.

3 BACKGROUND

This section briefly introduces related concepts of computational
graphs of DNNs and MindSpore.
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(a) An example computational graph. (b) The structure of a hierarchical clustered graph.

Fig. 2. Illustration of a computational graph and a hierarchically clustered
graph.

1. https://www.eclipse.org/elk/

Computational Graph and DNN. A computational graph
commonly represents a function based on the graph theory. For
instance, Fig. 2a illustrates a function m = f (x,y,z) = (x+ y) · lnz.
Here, f is a typical composite function: f = g · h, where g =
x+ y,h = lnz. A DNN is composed of numerous functions and
trained by iteratively adjusting parameters of these functions [57].
An optimal combination of these parameters is computed to achieve
the highest performance of the underlying DNN.

A computational graph is a DAG whose nodes represent tensors
and operators, and the edges denote the data flow between them.
It is visually overwhelming to display a holistic layout of the
large-scale computational graph. Organizing computational graphs
hierarchically makes sense because it provides a valuable level of
abstraction for users [58]. Namespaces are used by TensorFlow [59]
and MindSpore [27] to yield a hierarchically structured graph
representation. The namespaces are generated automatically or in a
user-defined manner.

The hierarchy of a graph is defined as a recursive grouping
placed on the nodes of the initial graph [58]. The nodes of a
hierarchical graph contain metanodes and leaves. Metanodes denote
subgraphs that contain a subset of nodes and a subset of the edges
between these nodes (e.g., nodes of level 1 and 2 in Fig. 2b); leaves
are the nodes of the input graph (e.g., nodes of level 3 in Fig. 2b).
We represent a hierarchical computational graph as H0 = (H1,E1),
where Hi = (Hi+1,Ei+1),Ei ⊂ H2

i (i = 1,2, ...,n). Hi represents a
set of nodes at the i-th level of the hierarchy; Ei denotes a set of
edges between Hi.

Generating computational graphs relies on the construction
of the DNN models. Conventional approaches for model construc-
tion can be classified into two categories. The first category, e.g.,
TensorFlow [59], constructs a static graph before execution. It
defines all operations and network structures. A static compilation
technology optimizes the network performance, but it isn’t very
easy for model development and modulation. The second category,
e.g., PyTorch [60], performs dynamic graph calculation on the fly
without defining the entire graph. It is more flexible and comfortable
to modulate at the expense of performance. This process does
not build any graph because the data flow graph is generated
dynamically. The computational graph cannot easily represent the
model structures.

MindSpore is an open-source framework [27] that allows
creating new DNNs or leveraging built-in DNNs for fields, such as
computer vision, natural language processing, and graph processing.
Third-party framework models including TensorFlow and PyTorch
can be converted into MindSpore. MindSpore provides an encoding
mode to unify dynamic and static graphs, which optimize static
compilation while efficiently providing flexible interfaces to build
models. Similar to TensorBoard for TensorFlow, MindInsight [2]
provides a suite of visualization widgets for MindSpore. As
an open-source toolkit, MindInsight has already been used by
actual users. Our work tackles the kernel of MindInsight that
visualizes computational graphs of DNNs and contributes a general
solution for visualizing the static computational graphs generated
by MindSpore. The source code of our work is available in its
latest repository2.

4 REQUIREMENT ANALYSIS

To characterize the domain challenges and identify the analytical
requirements, we conduct remote sessions weekly with experts

2. https://github.com/ZeroWangZY/DL-VIS
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of MindSpore (co-authors of this paper), gather feedback from
MindInsight developers from the open source community, and
summarize the experience during the implementation. We identify
the following requirements.
R1: Clarify connective relationships with details on demand.

• R1.1: Clear and compact graph structures are necessary
from a global point of view. Large quantities of edges tend
to intertwine and cross one another, confusing the connective
relationships between nodes. Simplifying less critical elements
relieves visual cluttering and ambiguity.

• R1.2: Users are allowed to focus on connection details of
interest in exploring the simplified graph. Interactions, such
as disclosing primitive connections, will help users acquire
accurate local details to understand the model architecture.

R2: Simplify complex structures among relevant context.
• R2.1: The rendering performance and readability may

decline when displaying a large number of isomorphic
structures. It is highly required to represent the isomorphic
structures with scalable glyphs.

• R2.2: Depicting relevant context surrounding simplified
structures is meaningful, and thereby lost details should be
reminded to some degree.

R3: Maintain users’ mental map during explorations.
• R3.1: Maintaining a consistent transition of graph layout

is essential. For instance, when a metanode is expanded, its
connected edges are divided into several line segments by the
enlarged node boundary. Our approach should consider main-
taining visual consistency by designing position constraints
where metanodes and edges are connected.

• R3.2: The graph layout should conform to users’ domain
knowledge. The inherent forward propagation graph structure
shows the neural network in a forward direction from the
input layer to the output layer, and plays a core role in helping
to understand the principles and parameters of the model.
In principle, a computational graph is a DAG and does not
contain cycles. Otherwise, the data flow would fall into an
infinite loop and never end. However, hierarchical structures
generated by grouping by the namespaces of MindSpore may
produce directed cycles between metanodes (Fig. 6 a and
b). Consequently, an appropriate preprocessing should be
performed to remove directed cycles before displaying the
forward propagation graph structure.

5 OUR APPROACH

We propose a series of techniques for the visual simplification
of DNN computational graphs. First, we define and represent the
graph elements of the computational graph. Then, we elaborate
the three approaches for computational graph layout. Finally, the
user exploration and implementation of our computational graph
visualization tool are introduced.

5.1 Definitions and Representations
We separate nodes into OperationNode, DataNode, and
MetaNode. OperationNode refers to nodes of operators, and
DataNode refers to nodes of tensors. DataNode can be classified
as ConstantNode or ParameterNode. A MetaNode refers a
subgraph. A MetaNode that contains many descendants (a user-
defined threshold) can be further defined as a ModuleNode.
Otherwise, it is called NonModuleNode. The detailed definition of
“module” is introduced in Section 5.2.2. To highlight the forward

OperationNode
DataNode

MetaNode

ConstantNode ParameterNodeCNNLayer FCLayer RNNLayer NormalLayer

collapsed expanded

CGM

Node

Fig. 3. The hierarchy and visual encoding of various types of nodes.

propagation graph structure, we provide a concept graph mode
(CGM) (shown in Fig. 10b). The CGM employs the cycle-removing
algorithm (see Section 5.2.1) and abstracts MetaNodes into various
DNN layers. In the CGM, MetaNodes are divided into CNNLayer
(Convolutional Neural Network layer), RNNLayer (Recurrent
Neural Network layer), FCLayer (Fully Connected layer), and
NormalLayer (other layers). The hierarchy and representations of
the nodes are illustrated in Fig. 3.
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Fig. 4. The illustration of the orthogonal edge routing. (a) The right-angle
transition at bends causes profound ambiguity. (b) After representing
bends with a circular arc transition, edges are represented correctly.

All edges of a computational graph are directed edges. The
edges can be categorized as: ModuleEdge, HiddenEdge and
NormalEdge, whose definitions and corresponding visual encod-
ings are given in Section 5.2.2. The edges are routed orthogonally
to avoid edge crossing. The right-angle transition at the edge
bends generates junction points (the red dashed box of Fig. 4a). It
causes ambiguity of the source and target of an edge. Therefore,
we use a circular arc transition, as shown in Fig. 4b. It clearly
shows that nodes S1, S2, and S3 link to node T1, and S3 and S4
link to T2. In DNN models, a DataNode always targets to an
OperationNode. Consequently, edges between two DataNodes
or between a DataNode and a MetaNode do not exist. For the
general visual design of the layout, we attach a DataNode to
an OperationNode to represent their connections because edges
between a DataNode and an OperationNode are unidirectional.
To be specific, we place a ConstantNode on the bottom left of an
OperationNode, and a ParameterNode on the bottom right. For
instance, the edge from ConstantNode C1 to OperationNode S3
(Fig. 4a) is represented by attaching C1 to the bottom left of S3
(Fig. 4b).

5.2 Computational Graph Layout
The layout workflow contains four graph states, their data structures
and the corresponding graph layout are illustrated in Fig. 5.

1) Raw Graph denotes the computational graph structure data
generated from the input DNN model by parsing the summary
file. The raw graph contains nodes of different hierarchies and
edges between nodes.

2) Processed Graph is created from the raw graph data. We
organize the hierarchical structure information of nodes in a
tree and identify the leaf nodes’ edges.
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Fig. 5. The overall workflow of our approach: different graph states and the corresponding layout. The components that are unchanged between
two graph states are faded. (a) A raw graph is initialized as a computational graph by parsing the summary file. (b) A processed graph denotes the
optimized graph. If the concept graph (c) mode is set, the cycle-removing scheme (c1) will be applied to the processed graph. (d) A visible graph is
derived from the processed graph by the module-based edge pruning algorithm (d1) and isomorphic subgraph stacking scheme (d2).

3) Concept Graph applies a cycle-removal scheme (see Sec-
tion 5.2.1) to the processed graph, which optimizes the
hierarchical structures (R3.2).

4) Visible Graph. Only expanded nodes of the processed graph
are visible in the expanded structures. A visible graph
is generated by means of the module-based edge-pruning
algorithm (R1, R3.1), which is introduced in Section 5.2.2.
After that, an isomorphic subgraph stacking operation (R2) is
performed to simplify the visible graph (Section 5.2.3).

We elaborate on three algorithms in the following subsections.

5.2.1 Cycle Removing

A computational graph should be simplified to highlight the forward
propagation graph structure (R3.2), whose tensors and operators
do not contain directed cycles (“cycle” in this paper refers to
“directed cycle”). However, the processed graph may contain many
“false” cycles, misleading the data flow. These cycles could be
generated when grouping the operators, which are not connected,
into a metanode. The cycles could be composed of these metanodes.
Consequently, the cycles make it difficult to understand the forward
propagation graph. Fig. 6a and b illustrate the generation of the
cycles. The graph (Fig. 6a) is composed of A, B, C, and D does not
have a cycle. After the grouping process of the DL framework, A
and B are grouped into G1; C and D are grouped into G2 (Fig. 6a).
This yields a cycle composed of G1 and G2.

In the CGM, we try to restore the forward propagation graph
structure by removing the cycles. Simply expanding all related
MetaNodes works but will dramatically increase the number of
elements in the graph. Accordingly, we propose to remove them
by ungrouping one of the MetaNodes in the cycle and rebuild two
new MetaNodes.

To detect all cycles, we start from a DataNode which has
no input. We traverse all OperationNodes whose input is a
DataNode because a DataNode attaches to an OperationNode.
In traversing all nodes, we record the parent node of each visited
node. If a node n has no inclusion relationship with the last visited
one, and n’s parent node has been recorded, then its parent node

must be in a cycle. We remove the cycle by splitting its parent
node, which is a MetaNode.

G1 G2

(c) Split G
2
 to G

2C
 and G

2D(a) An expanded graph

G1

G2

A B

C D

G1G2C G2D

(b) A directed cycle

G1

G2C G2D

C D

(d) The result graph

Fig. 6. (a) shows a computational graph after expanding G1 and G2. (b)
The collapsed Metanodes G1 and G2 form a simple directed cycle. (c)
Our algorithm splits G2 into G2C (composed of C) and G2D (composed of
D). (d) The result graph contains no cycle.

Fig. 6 illustrates this process: (a) displays an expanded compu-
tational graph composed of A, B, C, and D, where no cycles exit. As
shown in (b), collapsing G1 and G2 would generate a cycle of G1
and G2. To remove the cycle, we choose first to ungroup G2, and
group C into G2C and group D into G2D with the cycle-removing
strategy. As a result, the generated graph in (c) contains no cycles.
The pseudocode of our algorithm is shown in Appendix A. The
time complexity of our cycle-removing algorithm is O(|E|). This
algorithm can remove almost all cycles in H0 (H0 represents all the
nodes at the top level of the hierarchy). The detailed information is
discussed in Section 7.

5.2.2 Module-based Edge Pruning
Classical edge bundling [61] algorithms can alleviate visual clutter
to some extent and improve the entire topological structure concise-
ness [62]. However, bundling edges may cause the ambiguity of
the nodes’ connective relationships in the hierarchically clustered
computational graph and fail to keep primitive details inside the
MetaNodes, such as continuity of the primitive edges.

We propose a module-based edge pruning algorithm that
is specifically designed for large-scale computational graphs. It
consists of two stages, namely, module recognition and edge update.
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In the first stage, all the MetaNodes are traversed to yield
the module information. A MetaNode would be identified as a
ModuleNode or “module” (R1.1), if its number of descendants
is greater than the user-defined threshold. The module level of
a ModuleNode is equivalent to its level of the hierarchy. In the
next stage, we update all edges based on the identified modules.
Edges across modules of different levels that share common line
segments are considered for the update. Specifically, an edge from
OperationNode s to OperationNode t can be sliced into at most
three line segments, namely, the line segment from s to s’s parent,
the line segment from s’s parent to t’s parent, and the line segment
from t’s parent to t. The detailed strategies are elaborated as the
pseudocode in Appendix B. The time complexity is O(|N|+ |E|).

Each ModuleNode has an explicit attachment point called
“port” on its left (right) border, which assembles the input (output)
edges inside the module. To reduce visual clutter, these edges
are hidden (R1.2). Correspondingly, the other end of the hidden
edges which is on a NonModuleNode is also represented as a port.
The port of a NonModuleNode shares the same visual encoding
with that of a ModuleNode, but is smaller. As illustrated in Fig. 7,
two top-level nodes named Main and Gradients are recognized
as ModuleNodes whose module level equals 1. Their ports are
represented by glyphs like . The node inside Main named
network train is also a ModuleNode with a level-2 port: .
The level-n (n>2) ports are like . The child node softmax of
the network train, which is a NonModuleNode, also contains
ports whose level are determined by their correspondent parent
ModuleNode. The two output ports of softmax which connect to
a level-1 module and a level-2 module respectively, are juxtaposed
vertically on the right border.

Gradients

Main

3

ModuleEdge

NormalEdge

HiddenEdge

Level-1 Port

Level-2 Port

Level-n (n>2) 

Port

n

Network

Select

network_train

softmax

gradRes..

clip

optimizer

Fig. 7. Our module-based edge pruning scheme. This example graph
contains two level-1 ModuleNodes and two level-2 ModuleNodes.

Edges can be categorized into three types (see Fig. 7), by
considering whether they share the same parent and whether their
source node or target node are in a ModuleNode (R3.1).

1) A ModuleEdge starts on the output port of a ModuleNode
and ends on the input port of another ModuleNode.

2) A HiddenEdge connects the port of the ModuleNode and
the border of its inner NonModuleNode. A HiddenEdge is
represented as a Bézier curve and is invisible by default. When
the port of a NonModuleNode is hovered, all its connected
hidden edges are shown.

3) The other edges are NormalEdges, whose two ends are on
the node’s border.

5.2.3 Isomorphic Subgraph Stacking

A large amount of identical or similar structures duplicate in many
computational graphs. For example, as a typical embedding model
for NLP, BERT [1] stacks multiple layers of attention, and its
computational graph becomes dominated by repeated isomorphic
subgraphs of these layers. Thus, the perception and exploration of
the graph become challenging. Besides, when the user attempts to

expand a MetaNode containing repeated isomorphic subgraphs, it
is too large to lay out interactively, which is not appropriate for
visualization purposes.

To handle isomorphic substructures, coarsening techniques are
needed. TensorBoard extracts specific nodes to emphasize critical
patterns at the cost of integrity and continuity. This condition results
in a possible loss of the graph structure information.

An efficient strategy is required to recognize the regularity
of the isomorphic subgraphs (R2.1). Retaining as much topology
information (R2.2) as possible after merging or extracting the
repetitive elements is also necessary. Our solution is to search
isomorphic subgraphs from the entire computational graph and
stack the subgraphs node by node, significantly reducing repeti-
tive elements without sacrificing the intuitiveness of topological
structures.

We first introduce how detected isomorphic subgraphs are
stacked. In Fig. 8a, subgraphs between node A and B are colored
by isomorphic categories. Fig. 8b shows the result of our algorithm.
Two subgraphs in purple and three subgraphs in yellow are stacked
into “piles”. The number on the “pile” node denotes the repeat
times of the subgraph it belongs to. The other subgraphs remain
unchanged.

(a) (b)

A B BA 3 3 3 3

3 3

2 2 2

Fig. 8. The illustration of isomorphic subgraphs stacking: two groups of
isomorphic subgraphs colored in blue and pink respectively in (a) are
stacked into two piled subgraphs in (b), while the uncoloured subgraph
remains unchanged. Counts of the stacked nodes are marked on the
piles.

With the goal of efficiently traversing isomorphic subgraphs,
we classify isomorphic subgraphs as three categories: (1) subgraphs
between the same source node and target node (Fig. 8b and Fig. 9a);
(2) subgraphs that are connected with the same source node and
no target nodes (Fig. 9b); (3) subgraphs that are connected with
the same target nodes and no source nodes (Fig. 9c). We first scan
all nodes to detect the isomorphic subgraphs that are connected
with a source node (the first and the second category), and then
detect subgraphs that are connected with no source nodes(the third
category). After several rounds of traversals, a clear majority of
isomorphic subgraphs in the graph are reached. The pseudocode
of the detailed algorithm is displayed in Appendix C. The time
complexity of the isomorphic subgraph stacking algorithm is
O(|N|2 + |N| · |E|).

A n Bn n BnA n n

(a) (b) (c)

Fig. 9. The illustration of three types of isomorphic subgraphs.

To effectively recognize and stack isomorphic subgraphs,
we design a hash-based algorithm to represent each detected
subgraph. The hash value of a subgraph g = (N,E) is calculated as:

hg(g) = [
|N|
∑

i=1
hn(ni)+

|E|
∑

i=1
he(ei)] mod P. The hash functions hn and
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Fig. 10. Our visual interface with the example of BERT [1]: (a) A model configuration view supports selecting a model and shows the hierarchical
structure of its computational graph. (b) The concept graph of BERT shows its forward propagation graph structure with the cycles removed. The FC
layers like “dense” are simplified. (c) The main view illustrates visual simplifications of the computational graph. Here, a BERT model is employed.
The node and edge numbers are reduced from 4052 and 6353 to 55 and 74, respectively. By applying port constraints, edges are divided into
bundled segments and curve segments. Two of the interactions are illustrated here. Hovering on a port highlights its connected edges in orange (c1);
The isomorphic subgraphs are highlighted in blue when one of the piled nodes is hovered (c2). (d) The node profile view lists topological structures
and configuration information of the selected node Main.

he are based on the DJB algorithm [63], which excels at string hash-
ing. Here, P is set at 10000019 to avoid data overflow. For each node
ni ∈N, we establish a string set Sni composed of ni’s type, neighbors
type, parent id, indegree, outdegree, and #(auxiliary nodes). The
hash value of ni is defined as: hn(ni) = ∑

j∈Sni

DJB(ni j) mod P.

Each edge ei ∈ E is encoded as a string sei =“source type
→ target type”, where source type represents the type of
the source node and target type represents the type of the target
node. The hash value of ei is defined as: he(ei) = DJB(sei) mod P.

5.3 User Exploration

The computational graph visualization tool is shown in Fig. 10. The
model configuration view (a) allows the user to select a model and
displays the hierarchical structure of the model’s computational
graph. By turning on the Concept Graph Mode, the concept graph
(b) shows the forward propagation graph. Otherwise, the simplified
computational graph layout (c) is given. The user can freely expand,
collapse, and ungroup a MetaNode. Dragging an OperationNode
modifies the layout automatically. A stable transition animation is
supported when the layout changes. The related bundled edges are
highlighted (c1), and all the connected hidden edges are shown
(c2) by hovering a port.

In some extreme scenarios, the user may feel confused due
to the complexity of connections. To avoid such situations,
the user is allowed to check certain connections separately, as
follows: 1) the hidden edges can be highlighted by hovering the
corresponding port; 2) the connected edges can be highlighted
by selecting one or two nodes as endpoints in the graph. In
addition, nodes can be searched in (a) by inputting a name, such as
clip gradients ClipGradients. Then, the node profile (d)
is shown, and the connected edges are highlighted.

5.4 Implementation
We implement a web-based visual interface (as shown in Fig. 10),

powered by Django and ELK. ELK provides a layer-based layout
algorithm that is suited for node–link diagrams with an inherent
direction and ports. A computational graph is generated by recur-
sively calculating the port–constraint orthogonal layout for each
expanded MetaNode’s subgraph (visible graph). We implement a
stable transition animation when the layout changes on the basis of
the “interactive mode” provided by ELK. In particular, we propose
to insert frames nonlinearly between two frames, leading to a
smoother result.

We use SVG and D3.js [64] for graph visualization and employ
PixiJS3 to implement a WebGL [65] version. PixiJS is applied
because of its rich APIs to render interactive graphics.

6 EVALUATION

To quantify how our system can simplify the computational graphs
of DNNs and demonstrate its performance for recognizing and
diagnosing DNN models, we present a set of experiments including
a quantitative analysis, two usage scenarios, and a user study
containing four typical tasks. We summarize the feedback from the
domain experts.

6.1 Quantitative Analysis
Setup. The experiments are performed on a Windows PC with an
Intel Core i7-9700 CPU @ 3.00GHz, 16GB RAM, and Geforce
GTX 1660 Ti. The system interface is displayed on a 27-inch
screen (2,560 × 1,440), using the Google Chrome browser.

Experiments. We compare our approach (the online system4

is accessible) with existing methods on different computational

3. https://www.pixijs.com
4. https://mindinsight1.natapp1.cc/



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 8

(d) 

 (a) 

(c) (b) 

Main

network
_backbone

conv1 bn1 maxpool layer1 layer2 layer3 layer4 fc _loss_fn

optimizer

53

Gradients
Main

network
_loss_fn

gradSp...
_backbone

fc gradSq... gradRe...

gradReLU

layer4

layer3

layer2

layer1

maxpool

conv1

53

106 106

AppliMo...Depend238

AppliMo... Depend235

AppliMo... Depend

AppliMo... Depend

ReLU4 Red... Squ...

Sp... De...

make... Dep...

TensorBoard

#Nodes: 709 

#Edges: 223

VisualDL (NETRON)

#Nodes: 2759

#Edges: 3741

Our result

#Nodes: 45

#Edges: 54

HiddenLayer

#Nodes: 23

#Edges: 25

Fig. 11. The computational graphs of ResNet-50 yielded by different tools: (a) Tensorboard, (b) HiddenLayer, (c) VisualDL, and (d) ours.

graph data. Among the existing methods, Net2Vis, draw convnet,
and convnet drawer only supports visualizing the computational
graph of CNNs as schematic diagrams. They are not applicable
for other DL models. Their results provide an overview of
graphs. Interactions for exploring the internal details of layers
and the holistic data flow are not supported. HiddenLayer supports
more types of DL models, but only provides a static overview,
where interactions like expanding or collapsing metanodes are not
supported. TensorBoard and VisualDL (powered by NETRON)
allow users to interactively manipulate with heterogeneous models.
Consequently, to evaluate the results of various networks both on
high-level architectures and the detailed topologies, we compare
our approach with TensorBoard, HiddenLayer, and VisualDL
(NETRON). Two mainstream models generated from MindSpore
are used as test datasets: ResNet-50 [25] (1,120 operators and 1,629
connections), and BERT (5,698 operators and 7,340 connections).

Fig. 11 displays the computational graphs of ResNet-50 created
by the four tools. In the TensorBoard output(Fig. 11a), severe
visual clutter is caused by a high number of repetitive subgraphs.
The enlarged part is shown on the upper left corner. The situation
with VisualDL (NETRON) is much worse (Fig. 11c), where the
hierarchy information is not displayed correctly. The result of
HiddenLayer (Fig. 11b) reveals the model’s high-level design but
no layer-level details. The generated static image looks long and
narrow, which is hard for users to keep the mental map when
observing the detailed connections by zooming and panning. In
the computational graph using our algorithm (Fig. 11d), repetitive
subgraphs are stacked into four piles on the upper right corner, and
the topologies are well maintained. Similarly, the results of BERT
are demonstrated in Figure 1. The VisualDL and HiddenLayer both
fail to yield the computational graphs because of running out of
memory.
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Fig. 12. Numbers of nodes and edges after expanding each hierarchy
with TensorBoard and our tool. Ours reduces 60% elements on average.

As previously mentioned, HiddenLayer does not support
expanding hierarchies, and VisualDL (NETRON) fails to display
the hierarchies correctly. Consequently, we compare TensorBoard
and our method by counting nodes and edges after expanding each
hierarchy. As indicated by Fig. 12a, the total number of nodes in
the third hierarchy is dramatically reduced from 710 to 45. The
module-based edge-pruning scheme leads to a decrease in the edge
number from 579 to 54 (Fig. 12b). Users can expand more nodes
and check details of more hierarchies on the basis of our results.
Fig. 12c and d show the result on BERT. When two hierarchies are
available, the computational graph from TensorBoard consists of
over 4,000 elements, but our result contains less than 100 elements.
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Fig. 13. A synthetic graph with 884 links and 138 ports is used for the test
initially. We add nodes into the graph until 14,000 to observe the FPS
of panning and zooming interactions rendering with SVG and WebGL,
respectively.

Moreover, we compare the interaction performance of the
WebGL version and SVG version in Fig. 13. A synthetic graph
for the test contains 884 links and 138 ports. The results show
that the WebGL version supports smooth interactions (≥ 20FPS)
for panning up to 5 thousand nodes and zooming with up to 11
thousand nodes.

6.2 Usage Scenarios
We describe two usage scenarios using different DNN datasets.
The first case focuses on exploring the architecture of a complex
model, and the second one illustrates how our approach assists
model diagnosis with the simplified computational graph.

6.2.1 Scenario 1: Learning model structures
SSD (Single Shot MultiBox Detector) [66] is a high-performance
object detection model, which is constructed based on a backbone



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 9

1_features

expansionLayer
2_features

0_InvertedRes

convSequentialCell

0_ConvBNReLU 1_ConvBNReLU 2_Conv2d 3_BatchNorm2D

1_InvertedRes

2_InvertedRes

3_InvertedRes

4_ConvBNReLU

Fig. 14. The concept graph of SSD300. The expansion layer and inverted residual structures indicate that the backbone network of the SSD300 is
MobileNetV2.

network (e.g., VGG16 [67], MobileNetV2 [24], and ResNet [25]).
A male developer uses SSD300 for the first time. To learn the
architecture of object detection intuitively and efficiently find out
which backbone network is used, he utilizes our system to visualize
the computational graph of SSD300 (>5k nodes, >7k edges).

The user wants to explore object detection structures. The origi-
nal computational graph is composed of two top-level MetaNodes,
namely, Gradients and Main, which are automatically defined
by MindSpore. Main denotes the user-defined network structures
including optimizers, and Gradient represents the gradient cal-
culation of the parameters from Main. To overserve the forward
propagation network, xhe expands the node Main recursively until
the node network SSD300 (see Fig. 15). The node backbone,
multiResidualCellList and multiBox are contained. After
expanding multiBox, multiLocLayers (used to output coordi-
nates) and multiLClsLayers (used to predict classes) appear.
Each layer contains six sequential cells. To compare them, he
expands 0 SeqCell in each layer respectively and the differences
are shown.
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Fig. 15. The object detection layers of SSD300. In the metanode
multiBox, both multiLocLayers and multiClsLayers contain six se-
quential cells. However, their sequential cells have different structures to
perform different tasks.

To identify the used backbone network, the user observes the
computational graph in the CGM (see Fig. 14). The generated
computational graph shows a forward propagation graph structure
starting with two feature layers and ending with an expansion
layer. Because MobilenetV2 contains an expansion layer, they infer
that the backbone network is MobilenetV2. For more evidence,
he expands the node 2 Features. A series of nodes named
X InvertedRes are contained. Inverted Residual is pro-
posed by MobilenetV2 as a representative module. By expanding
the 0 InvertedRes in 2 Features, the residual structure is

shown. After checking the channels of the convolution layers, he
finds that the intermediate layers have a higher number of channels.
Consequently, he is convinced that the expansion layer and inverted
residual layers are used. As a result, the backbone network is the
MobileNetV2.

6.2.2 Scenario 2: Optimizing a DNN

TABLE 1
The time consumption (before optimization).

op name cuda cost time(µs)

backbone/Conv2/Conv2D-op211 169.087
backbone/Conv1/Conv2D-op207 135.391
backbone/FC3-Dense/FusedMatMulBiasAdd-op298 56.384

Another male developer is analyzing the operator time-
consumption rankings during the training process of a LeNet
network. As indicated in Table 1, the operator named
backbone/Conv2/Conv2D-op211 consumes the most time on
average. However, because the operator names generated by the
profile are different from the ones defined by the user, it is hard to
directly locate the variable declaration in the user’s code, in which
two conv2D layers are declared.
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Fig. 16. In the path-finding mode, the user sets Conv1 as start node and
Conv2 as end node. If at least one path from the start node to the end
node exists, the path will be highlighted in bold and colored in purple.
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Fig. 17. The concept graph of the network to be optimized.

On the basis of this, he uses our tool to scrutinize the operator
node Conv1 and Conv2 in the computational graph. Suppose that
Conv1 is executed before Conv2, a directed path from Conv1 to
Conv2 exists. To verify the hypothesis, he turns on the path-finding
mode, which highlights the possible paths between a given start
node and end node. Then he sets Conv1 as the start node and
Conv2 as the end node. The path between them appears, which
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means that Conv1 precedes Conv2. Fig. 16 illustrates the process.
Alternatively, using the concept graph mode (as indicated in Fig. 17)
can make the order between Conv1 and Conv2 clearer.

TABLE 2
The time consumption (after optimization).

op name cuda cost time(µs)

backbone/Conv1/Conv2D-op207 134.526
backbone/FC3-Dense/FusedMatMulBiasAdd-op298 54.304
backbone/Conv2/Conv2D-op211 109.631

With the help of the computational graph, the user successfully
locates the operator. He finds that the numerical precision of Conv2
is FP32 while that of Conv1 is FP16. He infers that a high precision
leads to the bottleneck of performance. As a result, he sets Conv2
from FP32 to FP16 and retrains the network. As indicated in
Table 2, the time consumption of Conv2 decreases dramatically
from 169.087µs to 109.631µs with others’ time nearly unchanged.

6.3 User Study

The goal of our study is to compare our tool with TensorBoard by
investigating whether users can intuitively identify the structures
and features of complex models, as well as to efficiently diagnose
the code of the model. To make it convenient for remote testing
because of COVID-19, we adopt the between-subjects design with
randomizing the sequence of tasks. Each participant is required to
use one of the two systems to visualize a series of computational
graphs generated by MindSpore.

6.3.1 Procedure and Tasks
Before the study, we introduce the characteristics of the system
to the participants. All the interactions are illustrated in detail
to instruct them to explore the example graph dataset using the
system. The background knowledge needed for finishing the tasks
are attached. Participants are required to finish the tasks online
remotely using a Chrome browser on a screen with a resolution
of 1,920 × 1,080. The computational graph datasets are preloaded
before recording the results. Each participant’s answers to the tasks,
the time cost, ratings of the questionnaire, and personal feedbacks
are recorded.

Twenty-four volunteers (eighteen males and six females) with
an average of 2.458 (SD = 1.450) years of experience in DL are
recruited. One-third of them are DL engineers, and the others are
graduate students who study DL. The participants are required to
perform the following tasks.

After discussing with domain experts and senior developers,
we design two types of tasks: cognitive tasks and diagnostic tasks.

Cognitive Tasks require participants to understand the architec-
ture of DNNs by exploring the computational graph, and include
two tasks:

• CT1 (R1, R2): Identify the genealogy of given DNNs. The
participant is required to explore the computational graphs
of two anonymous networks (ResNet-50 and Inceptionv3)
and recognize their network genealogies. Four options are
provided, including Bert, ResNet [25], Inception [68], and
LSTM [69].

• CT2 (R3): Estimate the depth of given DNNs. The typical
ResNet networks include 18-layers, 34-layers, 50-layers, 101-
layers, and 152-layers. Each of them is characterized with
different convolution structures. The participant is required

to explore the computational graph of an anonymous ResNet
(ResNet-34) and answer the count of layers (34-layers).

Diagnostic Tasks require participants to analyze the computa-
tional graph according to the code of the DNN model, and include
two tasks:

• DT1 (R1, R3): Check whether the code of DNN training
model matches the computational graph. Firstly, a piece
of code of model definition is given, where the function
stop gradient is used to prevent computing gradient of
some layers during back propagation. The participant needs
to understand which layers are stopped according to the
given code. Then they need to observe the corresponding
structures in the computational graph to check whether the
correct layers are stopped. If not, they need to identify
where the stop gradient is used in the code of the given
computational graph.

• DT2 (R2): Locate the operator in the profile. This task is
designed on the basis of Section 6.2.2. The participants are
first given the ranking of operators and part of the code of
model definition to learn about the model architecture. Then
they need to interact with the computational graph to observe
the edges between Conv1 and Conv2 to give their ranking.

TABLE 3
The sequence of tasks for different groups.

Condition Our System TensorBoard

Group G1 G2 G3 G4 G5 G6 G7 G8

Task 1 CT1 CT2 DT1 DT2 CT1 CT2 DT1 DT2
Task 2 CT2 DT1 DT2 CT1 CT2 DT1 DT2 CT1
Task 3 DT1 DT2 CT1 CT2 DT1 DT2 CT1 CT2
Task 4 DT2 CT1 CT2 DT1 DT2 CT1 CT2 DT1

Required by the between-subjects design, each subject only
uses one of our system and TensorBoard to finish all the tasks. Our
participants are firstly segmented into two parts, using our system
or TensorBoard respectively. Each participant is only exposed to
one of the systems, and does not know which system they are using.
To avoid the sequential effects of the tasks and the variance of the
participants, we adopt a 4 × 4 Latin Square to allocate the tasks.
Following the rule of Latin Square, the participants of each part
are further divided into four groups, of which each group takes
a column of task sequence in the Latin Square. Finally, all the
participants are divided into eight groups. The detailed tasks for
eight groups are indicated in Table 3. Each group contains three
participants.

TABLE 4
Questionnaire

Q1 The system is easy to learn.
Q2 The system is easy to use.
Q3 The layout is balanced between overview and detail.
Q4 The layout helps me effectively understand the model.
Q5 The interaction provided by the system is useful.
Q6 The interaction provided by the system is smooth.
Q7 The visual design is intuitive.
Q8 The visual design is good-looking.
Q9 I am confident in the solutions for the tasks.
Q10 I am willing to use the system for future development.

To collect subjective feedback of our tasks to understand
users’ preferences and directions for improvements, we design
a questionnaire (as listed in Table 4) containing ten questions
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in seven-point Likert scales. Finally, the personal feedback on
different tools is collected from the participants.

6.3.2 Results

We analyze the results of the accuracy, time consumption, and user
feedback.

Accuracy. We use the paired samples t-test to examine the
results. The results of the average accuracy are presented in Fig. 18a.
It can be seen from the first row in Table 5 that the accuracy of
CT2 and DT1 shows a significant difference between ours and
TensorBoard. It is apparent that the accuracy of our tool on these
two tasks both outperforms TensorBoard. Moreover, the average
accuracy of our tool on CT1 and DT2 is higher than that of
TensorBoard, though no significant difference exists. Benefited
from the simplified representations and utility modes of our tool,
users can recognize the structures of the computational graphs
more intuitively.

TABLE 5
The t-test results of the tasks performed on different tools. The P-value
that <0.05 means a significant difference, which is highlighted in bold.

P-value CT1 CT2 DT1 DT2

Accuracy 0.501 0.028 0.028 0.328
Time 0.010 0.120 0.556 0.518

Time. The average costing time of CT1 (the second row of
Table 5) verifies the advantages of our system over Tensorboard.
On the other tasks except DT1, our tool costs notably less time
than that of TensorBoard. Thanks to the faster renderer and fewer
rendering elements, our tool saves a great deal of time on transition
and other interactions.
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Fig. 18. (a) The average accuracy and its 95% confidence intervals. (b)
The time cost and its 95% confidence intervals

Questionnaire. Fig. 19 shows the ratings of the questionnaires.
In summary, the users prefer our system (mean = 5.391,SD =
0.323) to TensorBoard (mean = 4.217,SD = 0.448). It indicates
that our system is easier to use, the visualization is more balanced
and effective, and the design is more intuitive.
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Fig. 19. The average ratings of the questionnaire and 95% confidence
intervals.

6.4 Expert Feedback

We collect feedback from five domain experts from MindSpore
and MindInsight communities. First, we introduce the essential
functions of our prototype system by demonstrating the usage
scenarios to show the usage of our system. Thereafter, we invite
them to follow the workflow and use our prototype system for one
day. Finally, we interview them and summarize their feedback.

The overall evaluation is quite positive: The synthetic layout
strategies achieve a balance between effectiveness and efficiency.
All the elements of the entire computational graph are well
organized with an orthogonal-style layout. Benefiting from the
means of simplification, large-scale computational graph datasets
can be loaded quickly and interacted effectively.

The performance of our implementation is satisfying. On the
basis of our illustration of the methods, their comments are: The
innovative edge-pruning scheme clearly shows the relationships
between the namespace and distinguishes the connective edges
between multiple namespaces and the same operators. The scene
that many operators or substructures share repeated types in the
same namespace is typical in complex MindSpore neural networks.
Directly visualizing them tends to clutter the screen with too many
redundant elements. The strategy of stacking isomorphic subgraphs
solves this problem well.

They appreciate the interactions of our system. Combining
their usage of our tool and their domain experience, their feelings
are: Interactive ways of quickly finding target structure, including
substructure search, enable developers to view large models
easily. The quick response of interaction improves the exploration
efficiency and user experience.

Some suggestions are reported. The layout scheme for the
computational graph significantly simplifies the graph layout
effect and solves the problem of edge intertwining and cluttering.
However, connective relationships may be confusing after merging
the same namespace edges. They recommend highlighting the
connective edges by hovering and searching interactions. It is
suggested that edges that may lead to semantic confusion and
visual ambiguity are not removed to balance conciseness and
clearness.

7 DISCUSSION

In this section, we summarize lessons learned from our trials, and
reflect on the failure cases and limitations.

7.1 Lessons learned

Initially, we tried to simplify graphs on the basis of the traditional
Sugiyama-style flow layout. However, it is not scalable for large
datasets and is unstable for various DNNs. We noticed that the
standard subway route is concise and clear. Meanwhile, in the
circuit diagrams, wires are either horizontal or vertical. Benefited
from this orthogonal constraint, electronic components of the circuit
diagram are organized orderly. In addition, an orthogonal layout
makes better usage of the rectangular screen space than other
approaches. Inspired by these observations, we choose to use
orthogonal-edge constraints.

The “pile” nodes are used to encode stacked isomorphic
subgraphs. This representation acquires a balance between keeping
the details of the local subgraphs and global topology integrity.
However, by stacking the subgraphs into a series of nodes,
boundaries between different isomorphic subgraphs are vague.
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The connected “pile” nodes with the same repeat number are
recognized to belong to the same isomorphic subgraph. To eliminate
the potential ambiguity, hovering on a “pile” node yields the
highlighting of its isomorphic subgraphs.

7.2 Failure Cases and Limitations

Some failure cases are observed. The design shown in Fig. 4b does
not tackle all the ambiguity problems of connection relationships.
For instance, a complete bipartite graph exists between Si(i =
1,2,3,4) and Ti(i = 1,2), where each circular/straight-line segment
is shared by two or more potential connection relationships. In
this extreme situation, users need to hover on nodes to observe
the actual connections because we cannot guarantee a connection
between Si(i = 1,2,3,4) and Ti(i = 1,2) exists. Moreover, this
structure usually appears in the FC layer of DNN, encoded by the
icon of the FC layer in the CGM.

Our cycle-removing algorithm can remove almost all cycles at
the top level. However, it is difficult to remove all cycles iteratively.
By splitting one metanode in the cycle into two metanodes,
the number of the metanodes will increase exponentially if the
algorithm is executed iteratively.

8 CONCLUSION

This paper presents a new visual simplification approach to address
the challenges in visualizing large-scale computational graphs of
DNNs. Experimental results and comparisons with existing works
show that our approach achieves much better structural readability
and comprehensibility over prevalent solutions. We implement a
prototype system, which is designed explicitly for MindSpore and
is integrated into an open-source framework. In the future, we plan
to test and improve the potential of our approach in modulating
and optimizing DNNs.
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