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Abstract

There is a growing body of work on using Graph Neural Net-
works (GNN5) to learn representations of circuits, focusing
primarily on their static characteristics. However, these mod-
els fail to capture circuit runtime behavior, which is crucial
for tasks like circuit verification and optimization. To address
this limitation, we introduce DR-GNN (DynamicRTL-GNN),
a novel approach that learns RTL circuit representations by
incorporating both static structures and multi-cycle execu-
tion behaviors. DR-GNN leverages an operator-level Con-
trol Data Flow Graph (CDFG) to represent Register Transfer
Level (RTL) circuits, enabling the model to capture dynamic
dependencies and runtime execution. To train and evaluate
DR-GNN, we build the first comprehensive dynamic circuit
dataset, comprising over 6,300 Verilog designs and 63,000 sim-
ulation traces. Our results demonstrate that DR-GNN outper-
forms existing models in branch hit prediction and toggle rate
prediction. Furthermore, its learned representations transfer
effectively to related dynamic circuit tasks, achieving strong
performance in power estimation and assertion prediction.

Code — https://github.com/magicyang1573/DynamicRTL

1 Introduction

As circuit complexity increases, traditional algorithms for
circuit design and optimization are increasingly challenged to
meet the pressing demands for time and cost efficiency. New
models, representations, and methodologies for circuit un-
derstanding are urgently needed to advance hardware design
and electronic design automation (EDA) research, enabling
engineers to create efficient hardware solutions.

Recent works have begun to solve many canonical tasks
in hardware development with deep learning methods (Chen
et al. 2024; Ma et al. 2020). By training on extensive circuit
data, these models have demonstrated the potential to under-
stand the static feature of circuits and outperform traditional
methods on some prediction tasks, including circuit quality
(performance, power, area) estimation (Sengupta et al. 2022;
Fang et al. 2023; Lopera et al. 2021), combinational func-
tionality representation (Wang et al. 2022; Li et al. 2022; Shi
et al. 2023) and so on.
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Despite these notable achievements, it has been observed
that these models struggle with tasks that require in-depth
analysis of circuit designs, especially those involving the
dynamic behavior of circuits such as hardware verification,
dynamic power estimation and so on (Khan et al. 2024; Va-
sudevan et al. 2021). The main reason is that current models
exclusively depend on the static information of circuits (i.e.,
hardware source code, netlist) for training. As a result, these
models are limited to learning only structural or semantic
information about the circuits.

However, the dynamic behavior of circuits is equally im-
portant for understanding circuits and facilitating dynamic-
related downstream tasks. These behaviors can reveal com-
plex dependencies and interactions that are unapparent in
static representation, thereby significantly enhancing the qual-
ity of circuit representation. In this study, we diverge from
traditional approaches that focus on learning static repre-
sentations of circuits. In an innovative endeavor, we train
the model to learn circuit representations based on their dy-
namic behaviors. The dynamic behavior refers to the circuit’s
multi-cycle execution status under specific inputs. We aim to
predict various circuit behavior features under specific input
sequences, such as branch and assertion hits, variable toggle
rate, dynamic power and so on.

We design DR-GNN (DynamicRTL-GNN) to learn the
dynamic behavior of circuits. DR-GNN is distinguished by
two aspects. First, we construct the Graph Neural Network
(GNN) based on the operator-level Control Data Flow Graph
(CDFG) of Register Transfer Level (RTL) circuit design. The
CDFG provides a high-level and concise representation of the
dynamic functionality of the circuit, making it an ideal foun-
dation for learning dynamic behaviors. Second, we develop
a circuit dynamic behavior-aware GNN propagation mecha-
nism that integrates specific circuit features into the model.
We design semi-decoupled aggregators tailored for numerous
RTL operators and introduce a position-aware operator mes-
saging mechanism in heterogeneous graph transformer (Hu
et al. 2020). This enables DR-GNN to capture both the struc-
tural and dynamic characteristics of circuits.

We collect a comprehensive Verilog dataset and employ
branch execution and variable toggle information as train-
ing supervision. DR-GNN achieves outstanding performance
in these pre-training tasks, significantly surpassing models
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Figure 1: The overview of DynamicRTL. The framework prepares circuit training data, including CDFGs and simulation traces,
and employs pre-training tasks to train the model. The learned representations are then used for downstream tasks.

based solely on circuit structural and semantic learning. More-
over, DR-GNN demonstrates effective transfer learning on
downstream tasks including power estimation and assertion
prediction, which highlights its ability to generate useful
circuit representations for tasks related to circuit dynamic
behaviors. To our knowledge, DR-GNN is the first unified
model that captures the dynamic behavior of hardware de-
signs, setting the stage for teaching neural network models
to better understand how circuits execute.

In summary, this paper makes the following contributions:

* We introduce the problem of learning circuit dynamic
representation. We create the first dynamic circuit dataset,
comprising over 6,300 diverse Verilog designs, along with
their CDFGs and 63,000 simulation traces.

We design the DR-GNN model which is built on the
circuit operator-level CDFG and captures the dynamic
functionality of the circuits.

We obtain the first unified representation for circuit dy-
namic behaviors and achieve the state-of-the-art perfor-
mance with an average accuracy of 94.80% in branch hit
prediction and 94.25% in toggle rate prediction.

‘We show that the pre-trained DR-GNN representations are
useful for transfer learning, achieving an average accuracy
of 79.60% in power estimation and 87.03% in assertion
prediction.

2 Preliminary and DynamicRTL

Figure 1 presents an overview of DynamicRTL. In this sec-
tion, we discuss key concepts in our workflow. We introduce
our method for representing the RTL circuit source code as
a control data flow graph. Then, we explain the concept of
dynamic behavior in circuits. Finally, we outline the tools
used to extract these information from circuit designs.

RTL Code. Register transfer level (RTL) is an abstraction
level in digital circuit designs. A digital circuit is composed

of combinational logic (computing operators, branch con-
trols) and sequential logic (registers). The assignment in RTL
represents a physical connection between wires or registers.
A wire is a conductive path for signal transmission, while a
register is a small storage element that holds data temporarily
during the execution of a digital circuit.

Control Data Flow Graph. A common way to understand
the function of RTL is control data flow graph (CDFG).
Figure 2 shows an example of RTL code and its CDFG.
Previous work, Design2Vec (Vasudevan et al. 2021), uses
a statement-level CDFG to learn semantic representation
of circuits, where each node represents an RTL statement.
However, this CDFG only reflects the execution of circuit
code from a software perspective, which fails to reflect the
actual data flow within circuits.

To better represent the dynamic behavior of circuits, we
propose the operator-level CDFG as the circuit graph struc-
ture. In the operator-level CDFG, directed edges indicate
data or control flows between nodes. In sequential circuits,
registers store values to the next clock cycle, therefore the
in-edges of registers signify data flow across clock cycles.

The CDFG comprises three node types: variable nodes,
constant nodes and operator nodes. Variable nodes represent
variables that have dynamic values, such as wires and reg-
isters. Input wires are special variable nodes whose values
depend on the external drive. Constant nodes represent un-
changing values throughout clock cycles. Operator nodes rep-
resent operations on variables in data flow. The condition
node is a unique operator node, which acts as a multiplexer
and uses select signals to control data flow from different
channels. The nodes in CDFG can be multi-bit, enabling a
higher abstraction level and a more effective way to represent
RTL behaviors compared with single-bit circuit graphs (Fang
et al. 2023; Li et al. 2022). For more details on circuit CDFG,
refer to Appendix B in supplementary material.

Circuit Dynamic Behavior. The dynamic behavior of a
circuit refers to the changes in wire and register values dur-
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module counter (
input wire clk,
input wire reset,

input wire updown,
output reg [3:0] cnt

)
aiways @(posedge c1k)
begin

if (reset)
cnt <= 0;
if (updown)

cnt <= cnt + 1;
else

cnt <= cnt - 1; [T Data flow statement

Variable node — Data-flow edge
2

[_IControl flow statement| () Constant node — Control-flow edge
—> Code execution order

(D Operator node - »Cross-Cycle edge
(a) RTL Source Code (b) Statement-level CDFG (c) Operator-level CDFG

Figure 2: Comparison between statement-level CDFG and
operator-level CDFG.

ing execution. Input signals drive these changes based on
the combinational logic. Some values are stored in regis-
ters to be used in the next clock cycle. Given different input
sequences, the circuit may exhibit significantly different be-
haviors, which has not been adequately addressed in prior
studies on circuit representation. In our work, we consider
both sequential and combinational features of the circuit.
We take the values of all wires and registers into account
when assessing dynamic behavior. These values can be easily
obtained through hardware simulation.

Tools. To construct the CDFG, we first convert the source
RTL code into RTL intermediate language (RTLIL) using
EDA tool Yosys (Wolf, Glaser, and Kepler 2013). This con-
version results in a functionally equivalent description, con-
sisting only of assign statements and register transferring.
Next, we use the Stagira Verilog parser (Chen, Meng, and
Chen 2023) to parse the RTLIL and generate an abstract
syntax tree (AST). Finally, we traverse the AST to create
circuit CDFG. To collect the dynamic traces of circuits, we
use a commercial hardware simulator and capture the value
of wires and registers in each clock cycle.

3 DR-GNN: Circuit Dynamic
Behavior-Aware GNN
3.1 Overview

DR-GNN takes as input the CDFG and input sequence /. The
circuit has branch set B and variable set V. We use branch
hit prediction and variable toggle rate prediction as the pre-
training tasks. The objective of DR-GNN is to predict the
branch hit probability is_hit(I,B) that input I hit branches,
and the toggle rate toggle_rate(l,V) that input I trigger
variable transitions.

Figure 3 presents the architecture of DR-GNN. The model
is constructed based on the circuit CDFG. The embedding of
each node represents its dynamic behavior. DR-GNN oper-
ates in three stages: Firstly, the initial dynamic embedding
for each node is encoded based on its attribute and function-
ality (Section 3.2). Secondly, DR-GNN updates the node
embeddings with dynamic behavior-aware propagation (Sec-
tion 3.3). Thirdly, the final embeddings are used for prediction
tasks related to circuit dynamic behaviors (Section 3.4).
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3.2 CDFG Node Initialization

In DR-GNN model, node embeddings represent the dynamic
behaviors. Before the GNN propagating, we encode some
known dynamic behaviors as the initial embedding of CDFG
nodes. The nodes are initialized based on three categories.

Input Sequence Encoder. We encode the input sequence
as the initial embedding of input nodes. Considering many
circuit operators function at binary level, we design a binary
input encoder, which involves two steps: embedding the value
in each clock cycle, and integrating these embeddings into
a sequence embedding. We treat the value in each clock cy-
cle as a binary vector and embed it with linear projection,
similar to prior work on numerical representation (Yan et al.
2020). We define a learnable vector for each bit position,
and sum these vectors element-wise, modulated by the value
of corresponding bit. For the learnable vector e;, for each
bit and the n bit value v = {by,bs,...,b,}, we compute
Vemb = Z?:l b;e;. Then we use gated recurrent unit (GRU)
to embed values into a sequence embedding and use that
as the initial embedding of input nodes. We train the input
sequence encoder independently before training the whole
model. We use a sequence reconstruction task to simulta-
neously train an encoder and a decoder. After training, we
freeze the encoder weight and use it as our input sequence
encoder in the model.

Constant Value Encoder. The constant node can be seen
as an input node that keeps the same value in each clock cycle.
In order to ensure the embedding consistency of each node
and reduce the complexity of GNN learning, we employ the
same method as input encoder to encode the constant value.

Initialization of Operator Nodes. The embedding of op-
erator nodes represents the dynamic behavior of their cal-
culated results in each clock cycle. Since we cannot predict
these data before simulation, we initialize these embeddings
to all zeros, indicating the unknown.

3.3 Circuit Dynamic Behavior-Aware
Propagation

Circuit signals are processed through hardware components,
which correspond to the operator nodes in CDFG. We use
the propagation in GNN to represent the dynamic behaviors.
Since the CDFG is a directed heterogeneous graph, we design
the propagation mechanism referring to the heterogeneous
graph transformer (HGT) (Hu et al. 2020). However, there are
challenges arising from the unique characteristics of circuit
CDFGs that require tailored approaches for current HGT.
Semi-Decoupled Operator Aggregation. Circuit CDFGs
contain diverse operators. Previous works on circuit repre-
sentation focus mainly on netlist with limited operator types,
which usually allocate a separate aggregator for each gate
type to represent circuit functionalities (Li et al. 2022; Wang
et al. 2022). These approaches are insufficient for represent-
ing RTL-level CDFG, which includes over 30 operators. In
this case, using separate aggregators for each operator is im-
practical, as it would make the model overly complex and dif-
ficult to train. A potential solution is to use a shared aggrega-
tor combined with an attention-based messaging mechanism
to differentiate operator functions. However, it is challenging



Soecific Task ‘ Task-Specific Regressor , Pl;dlcifd Pre-Training Task 1: is_hit = f (branch, input)
() Specific Tas 3 csu Pre-Training Task 2: toggle_rate= f (variable, input)
Regression Node ‘ Node ‘ Downstream Task 1: is_hit = f (assertion, input)
Embed Embed Downstream Task 2: power = f (circuit, input)
1 J . . Embed X L GNN Layer
Node Type Node Node Node | Node / B Dynamic Embed PosmonﬁEmbed oiOperat_or " e/ﬁ
Mask Embed | Embed | Embed CDFG ¢ (DE|[ | I |oBE)[ | o
7'y y /)
(b) DR-GNN E>( =|88 = = =I5k E>+1)
Propagation ‘ DR-GNN : h51 2 , — h51
H —) - — —
Pre-Train: t t ! : ] ‘S = I (|
Downstream: 3 —{ Node Attributes ‘ Input Embed \“ = ; = =% § —> = G’? =
t o 2 e
' ' S == e Q — S2
— | | — —
(a) CDFG Node \ i £ A
Initialization 3% \ . ':>( = = = = E> )
! l 1+1
| - hy
Figure 3: The overview of circuit dynamic behavior-aware DR-GNN model.
Group | Num Description expression of operator ¢. We use rotary position embedding to
Unary 7 Operators with one operand encode these positions. The input to the heterogeneous graph
Binary | 20 Operators with two operands transformer is then constructed by concatenating the source
Multary | 2 | Operators with more than two operands node position embedding, the operator type embedding, and
Cond. 1 Condition operator for branch selection the dynamic embedding of the source node
Reg. 1 Register variable treated as operator

Table 1: Semi-decoupled aggregator groups for operators.

to rely solely on a shared aggregator to accurately represent
such a diverse array of operators.

Therefore, we propose semi-decoupled aggregation mech-
anism to represent operators in circuit CDFG. Operators are
categorized into five groups based on their characteristics and
importance, as shown in Table 1. Operators within each group
share aggregation weights and use attention-based message
mechanism to represent different functions.

Position-Aware Operator Messaging. To represent dif-
ferent functions of operators within each aggregation group,
we use attention mechanism in message passing. It is cru-
cial to consider necessary information for the attention to
effectively capture circuit dynamic behaviors. The first neces-
sary information is the operator type, which directly affects
the computing results. Additionally, some operators are non-
commutative. For instance, the subtraction operator yields
different results for a-b and b-a. Therefore, it is also essen-
tial to consider the relative position of operand nodes to the
operator when aggregating embeddings. Traditional position
encodings in graph transformer are insufficient to represent
such operand-to-operator positional relationships (Rampasek
et al. 2022). To address this, we incorporate operand position
encoding and design a position-aware operator messaging
mechanism in HGT to represent circuit dynamic behaviors.

Consider an operator node t with dynamic embed-

ding hgl) in the [-th GNN layer. Node ¢ has multiple
source nodes s1, 53, ..., Sm, €ach with dynamic embeddings

hgll)7 hé?, .. hgli The type of the operator node is denoted

as oplt]. The position of each source node s relative to ¢ is
denoted as posls, t], indicating the order of operand s in the
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2} = Concat(h), Embed(poss, t]), Embed(op[t])) (1)
In the heterogeneous graph transformer, we map the embed-
ding of source node s and target node ¢ into Query and Key
vectors. The concatenation of the Query and Key vectors
serves as the input to the attention mechanism. The attention
weight from node s to ¢ is calculated by:

gl%—MLP(Conca‘u(Q linear(x ()) K- hnear(h(l)))) (2)

For each source node s connected to node ¢, the normalized
attention weights are computed using the softmax function:

{af) s wl )G

The message from s to ¢ is represented by a Value vector:

messageg{)t = V-linear(wg{)t) 4)
Finally, the messages from all source nodes are aggregated us-
ing the attention weights to obtain the aggregated information
for node t:

aggr) =3 5)

Node Embedding Update. We use GRU to update the

embedding of target node ¢, where aggr( ) i

information as the GRU input and hg )i

t} = Softmax({w

S1,t0 00

O]

messa (l)
gea it

al,t

is the aggregation
is the past state of
GRU. The output hglﬂ) serve as the dynamic embedding for
the subsequent (/41)-th GNN layer.

R = GRU(aggr{", h") (6)
By stacking L layers, we obtain the node representations
h(L) for the entire graph. These representations can be used
for prediction of the pre-training and downstream tasks.



3.4 Pre-training Tasks

Task 1 predicts the branch hit probability. Hardware branches,
represented by conditional statements like i £ or case in RTL
code, capture abundant dynamic circuit behaviors and are key
coverage metrics in hardware verification. We identify nodes
serving as select signals for the condition node to form
the branch set B. For each branch node b, we read out its
embedding hl()L) and pass it through a multi-layer perceptron
to predict the hit probability.

(N

Task 2 predicts the variable toggle rate. In synchronous se-
quential circuits, a toggle occurs when the value of a variable
changes, typically on the edge of the clock signal. The toggle
rate of a variable refers to the number of toggles divided by
the total number of clock cycles. This metric indicates how
frequently a variable changes and is crucial for downstream
tasks like power estimation. We select nodes representing
variables to form the variable set V, and use each node’s

embedding hq(JL) to predict the toggle rate.

ﬁb = MLPbranch(hl(yL))7 b € B

R, = MLPyogae(hP)), wveV 8)

We use multiple supervisions in pre-training to learn a com-
prehensive circuit dynamic representation, which captures
diverse behaviors and improves generalization. In Section 5.1
and 5.2, we will show that abundant supervisions enhance
performance in each downstream task.

4 Experiments
4.1 Dataset Preparation

Circuit Designs Collection. We construct the first dynamic
circuit dataset, which consists of around 6,300 different cir-
cuit designs and 63,000 circuit simulation traces. We collect
existing open-source Verilog datasets (Zhang et al. 2024;
Thakur et al. 2024). To further expand our collection, we
search GitHub using keywords such as “Verilog”, “RTL”,
and “circuit” and scrape Verilog files from relevant reposi-
tories. During the preprocessing stage, we filter out designs
with syntax errors, synthesis or simulation failures. We retain
only sequential circuits in the dataset.

The collected designs range in size from 10 to over 500
CDFG nodes. The scale of these circuits is comparable to
prior circuit representation works (Wang et al. 2022; Shi
et al. 2023; Fang et al. 2023). A detailed introduction to the
dataset is provided in Appendix C in supplementary material.
Additionally, we also evaluate the generalizability of DR-
GNN on larger-scale circuits ranging from 1k to 10k CDFG
nodes in downstream tasks, which are detailed in Section 5.1.

Simulation Traces Collection. We use commercial sim-
ulator to collect the traces. Random input patterns are gen-
erated, and each circuit is simulated with 10 traces. During
simulation, all internal variable values are recorded at each
clock cycle. When generating testbench, we automatically
identify special signals such as the reset signal. The reset
signal is active only at the beginning of simulation and re-
mains inactive thereafter, which ensures the simulation traces
capture a comprehensive range of circuit behaviors.
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4.2 Experimental Settings

We split our dataset by designs, using 80% of the designs for
training, 10% for validation and 10% for testing. This ensures
the designs used for testing are never seen by the model
during training and validation, providing a reliable measure
of its generalization ability. Experiment is conducted on an
A800 GPU. A detailed introduction to the training process
and model hyperparameters is provided in Appendix A in
supplementary material.

4.3 Pre-training Tasks

Baseline Comparison. We evaluate DR-GNN model on two
pre-training tasks using input sequences of varying lengths.
Since these tasks focus on branches and variables at RTL
level, which are challenging to map to synthesized netlist
circuits, we compare DR-GNN with two RTL-level circuit
representation frameworks. HGVC (Sengupta et al. 2022)
extracts CDFG features (e.g., node type, bit width) as ini-
tial node embeddings and applies GNNs for prediction tasks.
We apply GCN (Kipf and Welling 2016), GAT (Velickovi¢
et al. 2017), Gated GCN (Bresson and Laurent 2017) and
GATV2 (Brody, Alon, and Yahav 2021) as baselines in the
experiments. For a fair comparison, we incorporate dynamic
information into HGVC and use the same initialization for
input node embeddings as in DR-GNN. Design2Vec (Vasude-
van et al. 2021) constructs the GNN based on statement-level
CDFG and learns semantic embeddings. Because its nodes
represent statements rather than variables, we evaluate it only
on branch hit prediction, consistent with its original study.

Table 2 presents the experiment results. All models are
trained for 5 times and the mean and standard variance of
test performance are reported. The DR-GNN model achieves
accuracy of about 94% in both branch hit prediction and tog-
gle rate prediction! across different input sequence lengths,
outperforming all baselines.

Ablation Study of Input Encoding. The dynamic behav-
ior of circuits is determined by the input sequence, which we
encode in DR-GNN using a binary input encoder. We com-
pare DR-GNN with two ablation variants, as shown in Fig-
ure 4a. In the random encoding, we ignore the input sequence
and provide random value as the model’s input, excluding
dynamic information from the model. In the decimal encod-
ing, we treat the input sequence as decimal values rather
than a binary vectors. Experiments demonstrate that encod-
ing the input sequence as a binary vector sequence allows the
DR-GNN model to achieve the best performance.

Ablation Study of Aggregator. To handle the diversity of
operator types in CDFG while avoiding overly large models,
we design a semi-decoupled aggregation mechanism. We
evaluate two ablation variants, as shown in Figure 4b. In the
decoupled aggregation mechanism, each operation type is
assigned an independent aggregator. In the shared aggrega-
tion mechanism, a single aggregator is used for all operators,
with their different functions represented through an attention
mechanism. The results demonstrate that the semi-decoupled
aggregation achieves the best performance.

"We define toggle rate accuracy as 1 — |]§v — R,|, consistent
with the approach in prior study (Khan et al. 2024).



Pretraining task Branch Hit Prediction (%) Toggle Rate Prediction (%)

Seq. length 10 20 30 50 10 20 30 50
GCN 81.75+0.58 82.24+0.52 82.68+0.78 82.97+0.59 81.884+0.51 81.15+0.35 80.99+0.58 80.93+0.47
GAT 82.68+0.42 83.57+0.72 82.70+0.63 83.81+£0.41 82.3840.53 81.96+0.68 81.49+0.33 81.79+0.63
Gated GCN 83.52+0.64 83.96+£0.40 84.15+0.57 84.34+0.68 83.07+0.30 82.84+0.54 82.46+0.35 82.62+0.37
GATV2 85.2340.71 85.60+0.76 85.72+0.56 86.16+0.78 85.2540.37 85.11+0.46 84.37+0.38 84.5540.51
Design2Vec 82.03+0.88 86.78+0.65 72.814+1.13 69.3340.91 - - - -
DR-GNN 94.6940.75 94.7540.64 94.984-0.59 94.784+0.69 93.7440.41 93.984-0.47 94.394-0.34 94.90+-0.36

Table 2: Comparison of accuracy of different models for branch hit prediction and variable toggle rate prediction tasks.
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Figure 4: Ablation Study. Branch hit and toggle rate predic-
tion on different input encoding and aggregation mechanisms.

Ablation Study of Messaging. We propose a position-
aware operator messaging mechanism in DR-GNN. Ablation
studies compare the performance with variants that eliminate
the operator type (w/o Operator) and the operand positions
(w/o Position) from the attention mechanism. Additionally,
we compare our operand position embedding with two exist-
ing position encoding methods in graph transformer: global
position encoding using Laplacian eigenvectors (Dwivedi and
Bresson 2021) and relative position encoding using distance
embedding (Li et al. 2020). These position encodings are
incorporated into the initial node embeddings. The results in
Figure 5 show that the position-aware messaging achieves
the best performance.

/\; 96 94.98 94.39
<94 92.8192.85 93-19 92.93 ) 1, 92.71 92,45
2 91.61 : ’
g9 :
=
890
<

88

Branch Hit Toggle Rate
DR-GNN w/o Operator w/o Position

Global Position ' Relative Position

Figure 5: Ablation Study. Branch hit and toggle rate predic-
tion accuracy on different messaging mechanisms.

Circuit Scale Variation Analysis. We evaluate the per-
formance of DR-GNN on circuit designs of different sizes
and layer depths, as presented in Figure 6. The circuit size is
defined by the node count of the CDFG, and the layer depth
is defined by the longest path from input nodes to output
nodes in CDFG. For designs with fewer than 50 nodes and
5 layers, our model achieves over 95% branch hit prediction
accuracy and more than 94% toggle rate prediction accuracy.
As design size increases, the complexity of understanding
rises, while our model maintains good performance.
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Figure 6: Branch hit and toggle rate prediction on different
circuit CDFG size and depth.

5 Downstream Tasks

This section evaluates the generalizability of the pre-trained
DR-GNN model on two downstream tasks. We use the
learned dynamic circuit representation as the circuit node
feature and use that in the model for downstream tasks. These
downstream tasks figure out whether DR-GNN effectively
capture the dynamic behaviors of circuit and enhance the
performance of dynamic-related circuit tasks.

5.1 Evaluation on Power Estimation

In circuit development, power estimation is time-consuming
and challenging due to its strong dependence on circuit dy-
namic behaviors. We evaluate DR-GNN on RTL-level dy-
namic power estimation task. In our study, we use the learned
dynamic representation, concatenated with node attributes
including node type and width, as node embeddings for es-
timation. With DR-GNN weights frozen, we introduce an
additional GAT based on CDFG to estimate power.
Experimental Settings. We synthesize the RTL code us-
ing commercial synthesis tool with the NanGate 45nm tech-
nology library (Stine et al. 2007). The dynamic power of
the gate-level netlist under specific input is recorded as the
ground-truth label. We compare DR-GNN with two baselines.
MasterRTL (Fang et al. 2023) models circuit as bit-level
simple operator graph (SOG), which is close to netlist, and
extracts toggle rate as node features. It then uses a tree-based
model to estimate power. HGVC (Sengupta et al. 2022) mod-
els the circuit as CDFG, similar to ours, using node attributes
(e.g., type, width) as initial embeddings and a GAT for power
prediction. We train these models on our dataset, which is sig-
nificantly larger than the dataset used in their original studies.
We use correlation coefficient (R), mean absolute percentage
error (MAPE), and root relative square error (RRSE) to evalu-
ate the accuracy between predicted value g and ground-truth



v, as consistent with prior work (Fang et al. 2023).

1 n

MAPE = —

Power Estimation Results. Figure 7 presents the results.
Using the pre-trained dynamic representation, our DR-GNN
model achieves the best accuracy compared to MasterRTL
and HGVC. This is because the dynamic embedding is
trained on abundant circuit data and supervisions, which
contain more information than manually extracted features.
Moreover, our model outperforms MasterRTL without the
need for synthesis into the SOG structure or running simu-
lations to obtain toggle rates, which demonstrates the effec-
tiveness of our dynamic representations. We also investigate
the impact of using different pre-training supervisions on the
power estimation performance. Experiment results show that
using both types of supervision leads to better performance
than using toggle supervision alone (DR-GNN,,) or branch
supervision alone (DR-GNNp;).

i =9l rrsg— )

Yi

% 10’ & MasterRTL (R=0.86, MAPE=0.29)
S HGVC (R=0.91, MAPE=0.32) Method R | MAPE | RRSE
) ©® DR-GNN (R=0.95, MAPE=0.20)
Euﬂ . - MasterRTL | 0.86 | 0.29 | 0.51
= 10° HGVC 0.91 | 032 | 041
2 10' DR-GNN, | 0.92 | 027 | 0.42
S
& 10° DR-GNN,_ [0.93 | 020 | 0.37
10° 10' 10° 10° 10* =
Measured Power (mW) DR-GNN [0.95| 0.20 | 033

(a) Predict vs ground-truth. (b) Accuracy comparison.
Figure 7: Power estimation comparison of MasterRTL,
HGVC and DR-GNN with different supervisions.

Power Estimation on Large Scale Circuits. Table 3
presents the accuracy and runtime improvements achieved
by DR-GNN on five large-scale circuit designs, compared
to a netlist-level power estimation method DeepSeq2 (Khan
et al. 2025), and the conventional power estimation flow
using EDA tools. For small-scale circuits, the netlist-level
model exhibits higher accuracy. This is because the circuit
netlist provides a more fine-grained representation of the cir-
cuit structure compared to the RTL-level CDFG. However,
this comes at the cost of a significantly larger graph struc-
ture in the netlist-level And-Inverter Graph (AIG). DeepSeq2
cannot handle the three larger-scale circuits due to memory
constraint (illustrated as MO in the table).

To conclude, DR-GNN has stronger applicability to large-
scale circuits compared with netlist-level models. Moreover,

Design CDFG AIG DeepSeq2 DR-GNN EDA
Nodes Nodes | Error Time (s) | Error Time (s) | Time (s)
pcie_ctrl 0.9k 22k | 0.08 14.8 0.15 0.17 540
dma_sched | 1.9k 43k | 0.09 27.2 0.14  0.29 1232
ysyx_cpu 6.0k 120k | MO MO 0.19 0.61 2479
csc.wldec | 7.4k 185k | MO MO 0.18 0.73 2175
ch_ctrl 8.3k 304k | MO MO 0.23 0.96 2896

Table 3: Power estimation on 5 large-scale circuit designs.
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with the dynamic circuit representation learned from large
training datasets, DR-GNN significantly improves the power
estimation accuracy at the RTL level compared to MasterRTL
and HGVC, which enables more accurate power estimation
results for circuits at the early design stage.

5.2 Evaluation on Assertion Prediction

The assertion prediction task reveals what dynamic represen-
tation DR-GNN has learned in pre-training. With DR-GNN
weights frozen, a multi-layer perceptron is trained for each
assertion. The model predicts whether a variable satisfies
the assertion under given input. We formulate eight asser-
tions. For single-variable assertions, we select all the possible
circuit variables as prediction target. For dual-variable asser-
tions, we target possible variable pairs.

Assertion DR-GNN;; DR-GNNp; DR-GNN | Frequency
v < 4 82.37 81.76 86.98 56.78
v < 16 81.74 82.57 87.35 61.52
v # 2 80.88 79.39 82.01 70.69
v # 4 80.59 76.38 81.36 73.98
vl # v2 88.47 84.55 91.36 66.51
vl < v2 81.67 77.18 88.72 50.89
v1&v2==0 82.85 66.80 86.80 60.25
vl|v2 # 0 89.21 85.63 91.67 68.83

Table 4: Assertion prediction with pre-trained representation.

Table 4 presents the assertions and their prediction ac-
curacies. The results indicate that the learned embeddings
effectively predict some simple assertions. DR-GNN accu-
rately assesses approximate value ranges for assertions like
v<4 and v<16. This capability is also evident in assertions
requiring variable comparisons, such as assertion v1#v2 and
v1l<v2. Besides, our bit-wise signal embedding approach
enables the representation to support bit-level operations like
bit-and (&), bit-or (| ). However, we also find limitations that
DR-GNN struggles to predict exact values of variables. For
assertion like v#£2 and v#4, the prediction accuracy is lower,
which leaves room for improvement.

Table 4 also presents prediction performance of DR-
GNNy, (trained only with toggle supervision) and DR-
GNNj; (trained only with branch supervision). The original
DR-GNN exhibits best performance, which demonstrates
the benefits of both supervisions. It also proves that supple-
menting more useful supervisions could help learn a more
comprehensive representation of circuit dynamic behaviors.

6 Conclusion and Future Work

This paper introduces DR-GNN model which learns dynamic
representations for digital circuits. The model is pre-trained
on the tasks of branch hit prediction and toggle rate predic-
tion. It then demonstrates transfer learning capabilities on
downstream tasks, such as power estimation and assertion
prediction, including applications to large-scale circuit de-
signs. For the first time, we showcase the ability of deep
learning to capture complex temporal logic in sequential cir-
cuits, which facilitates a more abundant understanding of
circuits and promotes a more efficient circuit design process.
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