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Abstract

Graph partitioning is essential for many EDA applications that lever-
age task graph parallelism for faster execution. For instance, RTL simu-
lators partition an input RTL design into dependent tasks and schedule
them across threads. However, existing partitioners are largely limited to
general-purpose heuristics that overlook real threading costs, resulting
in suboptimal performance. Consequently, we introduce DiffPart, a dif-
ferentiable task graph partitioning framework that automatically learns
high-quality partitions under real operating conditions. Applied to RTL
simulation, DiffPart improves state-of-the-art Verilator’s partitioning
quality, delivering up to 1.22–55.25× faster simulation runtime across
diverse designs.
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1 Introduction

Graph partitioning is a fundamental technique widely adopted by
many electronic design automation (EDA) applications to parallelize their
algorithms using task graph parallelism (TGP) [7, 8, 31]. For example, in
RTL simulation, existing algorithms partition an input design into a task
graph, where a task encapsulates a set of RTL instructions and an edge
represents a data dependency between two tasks [43]. By delegating the
task graph to a scheduler like Taskflow [18], RTL simulators can benefit
from automatic parallelization without worrying about low-level schedul-
ing details, such as concurrency control and load balancing. Similar uses
of TGP can be found in task-parallel static timing analysis [20], global
routing [35], placement [34], and so on [5, 22].

However, existing task graph partitioners often rely on general-
purpose heuristics, such as cut size [11, 24, 25] and path criticality [39], to
guide the partitioning process. For instance, the partitioner in the state-
of-the-art RTL simulator Verilator [43] uses a hardcoded cost for each
instruction and greedily merges tasks that result in the least increase to
the critical path cost, inspired from [39]. While this greedy approach is
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computationally efficient, it fails to account for practical execution costs
like scheduling overhead of the resulting partition. As a consequence, this
type of heuristic-driven partitioning often results in suboptimal simula-
tion performance. To better understand this issue, we randomly sampled
several task graph partitions of five real-world RTL designs and measured
their simulation performance. As shown in Figure 1, the default parti-
tioner of Verilator leaves 1.7–6.8× performance on the table, compared to
the best-sampled partitions.
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Figure 1: Task graph partitioning has a great impact on the simula-

tion performance of Verilator. The default partition leaves 1.7–6.8×
performance on the table.

To address this challenge, we propose DiffPart, a novel task-graph
partitioning framework that capitalizes on recent advances in machine
learning to learn from the intrinsic features of the input graph. Unlike
existing partitioners that count on general-purpose heuristic, DiffPart
designs a differentiable optimization-based algorithm to automatically
learn how to derive a high-quality partition under real operating condi-
tions. We summarize three key contributions as follows:
• We formulate graph partitioning into a continuous learning problem
and solve it using differentiable optimization. At the core of our method
is a Graph Neural Network (GNN) [41] that learns to map a graph’s
semantic features to high-quality partitions. This learning-based for-
mulation generalizes effectively across diverse task graph structures.
• We introduce an efficient algorithm to prevent cycles during our graph
partitioning process. Our algorithm takes the learned distribution from
the GNN and samples node-to-partition assignments in a topological
order, which inherently ensures acyclicity.
• We use backpropagation to guide the partitioning directly towards
optimizing the real execution cost, instead of searching for a proxy
combinatorial objective. This allows DiffPart to be agnostic to the
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task graph execution backend, whether it is static or dynamic, and thus
it is flexible for different task graph-based applications.
We evaluate the effectiveness of DiffPart using RTL simulation as a

case study. RTL simulation is a fundamental component in the design flow
of SoC as it verifies the functional correctness at the RTL level. Besides,
existing RTL simulators heavily rely on TGP to enhance the simulation
performance for large designs [33]. Compared to the default partitioner
of the industry-grade RTL simulator, Verilator [43], DiffPart shows 1.22-
55.25× faster simulation performance across a wide range of hardware
designs. We plan to release DiffPart as open-source software to benefit
the EDA community.

2 Problem Formulation

DiffPart is inspired by our research on accelerating the RTL simu-
lation performance on a multithreaded platform, where TGP plays an
important role in parallelizing the simulation algorithms. We consider
Verilator [43], a widely used open-source RTL simulator, as our case
study. Although we focus on RTL simulation, we believe that the ideas
behind DiffPart naturally extend to other TGP-powered EDA applica-
tions [20, 34, 35], as they all rely on effectively partitioning dependent
tasks for parallel execution.

As shown in Figure 2, Verilator compiles an RTL design into a directed
acyclic graph (DAG) 𝐺 = (𝑉 , 𝐸), aka an RTL graph, where each vertex
𝑣 ∈ 𝑉 represents a set of RTL instructions and each edge 𝑒 = (𝑢, 𝑣) ∈
𝐸 captures a data dependency between RTL instructions. Each vertex
has an associated weight 𝑐𝑣 representing its estimated computational
cost. Leveraging TGP, Verilator partitions 𝐺 into dependent macro tasks
(mTasks) using a hard-coded heuristic that estimates the execution cost
of each RTL instruction, and assigns these mTasks to a custom static
scheduler (i.e., no dynamic load balancing scheme like [18]) for parallel
simulation. Formally, this partitioning divides 𝑉 into 𝑘 disjoint subsets
𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑘 }, such that

⋃
𝑖 𝑝𝑖 = 𝑉 and 𝑝𝑖 ∩ 𝑝 𝑗 = ∅ for all 𝑖 ≠

𝑗 , where each 𝑝𝑖 denotes an mTask mapped to a thread. To maximize
the parallel efficiency, we need to optimize 𝑃 based on two competing
objectives:
• Workload Balancing: To maximize parallelism, computation should
be evenly distributed across threads. This is modeled by minimizing
the cost of the heaviest macro task, defined as |𝑝𝑖 | =

∑
𝑣∈𝑝𝑖 𝑐𝑣 , with the

objective minmax𝑖 |𝑝𝑖 |.
• Threading Overhead: To reduce synchronization costs, the number
of cross-partition edges should be minimized. This is equivalent to
minimizing the cut size, i.e., edges (𝑢, 𝑣) ∈ 𝐸 where 𝑢 ∈ 𝑝𝑖 , 𝑣 ∈ 𝑝 𝑗 , and
𝑖 ≠ 𝑗 .
Meanwhile, these objectives are subject to two key structural con-

straints:
• Topological Constraint: The inter-partition dependency graph𝐺𝑃 ,
where each node represents a macro task 𝑝𝑖 , must preserve all data
dependencies from the original graph. That is, if there is an edge from
a vertex in 𝑝𝑖 to a vertex in 𝑝 𝑗 in 𝐺 , then 𝐺𝑃 must include a directed
edge from 𝑝𝑖 to 𝑝 𝑗 .
• Acyclicity Constraint: 𝐺𝑃 must remain acyclic to avoid erroneous
task graph execution.

3 DiffPart

Figure 3 presents an overview of DiffPart that comprises of three
main stages: Preprocessing, Core, and Cycle-free Sampling, followed by
the downstream simulation workflow, from scheduling to execution on
hardware.
• Preprocessing: The goal is to generate structure-aware features for
each node in the RTL graph. We employ a GNN to process the entire

Figure 2: Illustration of Verilator’s task graph partitioning for

parallel simulation. (a) An input RTL graph is partitioned to a

set of macro tasks and dependencies. (b) Partitioned macro tasks

are then executed by different threads through a custom static

scheduler that assigns each macro task to a thread 𝑇𝑖 .

Algorithm 1:Main Backpropagation Loop
Input: Graph𝐺
Output: Best partition assignments𝐴best

1 Initialize: GNN model𝑀 , optimizer𝑂𝑝𝑡

2 𝐴best ← ∅; 𝑐𝑜𝑠𝑡best ←∞; num_steps← 400; sample_steps← 10
3 for 𝑠𝑡𝑒𝑝 ← 1 to num_steps do
4 𝜏 ← GetTemperature(𝑠𝑡𝑒𝑝 )

// Compute differentiable loss using Gumbel-Softmax (Eq. 4–8)

5 𝐿 ← ComputeLoss(𝑀,𝐺, 𝜏 )
// Backpropagation and parameter update

6 Compute gradients ∇𝐿 w.r.t.𝑀
7 Update𝑀 using𝑂𝑝𝑡 and ∇𝐿
8 if 𝑠𝑡𝑒𝑝 mod sample_steps = 0 then
9 𝑃eval ← Softmax(𝑀.GetLogits(𝐺 ) )

// Algorithm 3

10 𝐴sampled ← CycleFreeSampling(𝑃eval,𝐺 )
11 𝑐𝑜𝑠𝑡sampled ← CalculateSampledCost(𝐴sampled )
12 if 𝑐𝑜𝑠𝑡sampled < 𝑐𝑜𝑠𝑡best then
13 𝑐𝑜𝑠𝑡best ← 𝑐𝑜𝑠𝑡sampled
14 𝐴best ← 𝐴sampled
15 return𝐴best

graph, enabling each node to learn an embedding that encodes its
local connectivity patterns and neighborhood structure. The resulting
embeddings are used as input for the core partitioning stage.
• Core: The goal is to learn an optimal, probabilistic partitioning by
minimizing a differentiable cost function. We use an iterative optimiza-
tion loop, described in Algorithm 1, where a Scorer (explained in 3.2)
evaluates all potential parent-child pairings for each node. These scores
are used within a cost function that balances cluster size and synchro-
nization overhead. Gradients are backpropagated to update the GNN
and Scorer weights, guiding the model toward a low-cost probabilistic
solution.
• Cycle-free Sampling: The goal is to convert the learned probabilistic
solution into a concrete (i.e, deterministic assignments) and valid set
of clusters. The output from the core stage is a probability distribution
over parent choices for each node. We develop an efficient Cycle-free
Sampling algorithm that uses these probabilities to sample a concrete
partition selection for every node, ensuring the final output is a valid
acyclic partition. This final partition is passed to the downstream sim-
ulation workflow, as depicted in Figure 3.

The final output partition from DiffPart drives the downstream sim-
ulation workflow. A scheduler (e.g., Verilator’s custom static scheduler)
uses this partition to design a scheduling strategy. This is further com-
piled into an efficient and multithreaded executable, that is then run on a
multicore CPU.



Figure 3: DiffPart framework. First, a GNN extracts features from

the input RTL graph. The core stage then learns a probabilistic par-

titioning via a differentiable optimization loop. Finally, Cycle-free

Sampling generates a concrete partition that is passed downstream

for execution on a multicore CPU.

3.1 Graph Preprocessing and Feature Engineering

Instead of relying on hard-coded heuristics, we learn directly from the
graph representation itself. For each node 𝑣𝑖 ∈ 𝑉 , we construct a feature
vector x𝑖 ∈ R6 comprising six important features: (1) computational
cost, (2) forward critical path delay, (3) reverse critical path delay, (4)
fanout, (5) fanin, and (6) normalized graph depth. Most values are already
internally computed by Verilator. Graph depth is determined using Kahn’s
algorithm [23]. The complete feature matrix X ∈ R |𝑉 |×6 is then min-max
normalized to the range [0, 1] for backpropagation stability:

x′
𝑖,𝑘

=
x𝑖,𝑘 −min𝑗 (x𝑗,𝑘 )

max𝑗 (x𝑗,𝑘 ) −min𝑗 (x𝑗,𝑘 )
(1)

3.2 GNN Architecture for Node Embeddings

Since the input RTL graph can vary arbitrarily depending on the input
design, we employ a message-passing GNN to learn expressive node
embeddings, e𝑖 ∈ R𝑑𝑒𝑚𝑏𝑒𝑑 (𝑑𝑒𝑚𝑏𝑒𝑑 is a higher dimensional space), that
capture both local and global graph topology. The GNN consists of two
Graph Convolution layers. The update rule for a node 𝑣𝑖 at layer (𝑙 + 1)
is given by:

h(𝑙+1)
𝑖

= 𝜎
©­«BN ©­«W(𝑙 )

∑︁
𝑗∈N(𝑖 )∪{𝑖 }

h(𝑙 )
𝑗

ª®¬ª®¬ (2)

where h(𝑙 )
𝑖

is the embedding of node 𝑣𝑖 at layer 𝑙 ,N(𝑖) is the neighborhood
of 𝑣𝑖 ,W(𝑙 ) is a trainable weight matrix, BN is Batch Normalization, and
𝜎 is the ReLU activation function.

The node embeddings are then used by the Scorer, a two-layer MLP,
to evaluate the quality of assigning a given node to a potential partition
(represented by another node). For any given node 𝑣𝑖 and a candidate
option 𝑣 𝑗 , the Scorer takes their concatenated embeddings, [e𝑖 ; e𝑗 ], and
processes them through two dense layers with a ReLU activation to
produce a single scalar logit. This logit 𝑙𝑖 𝑗 represents the predicted quality
of that specific assignment.

A differentiable loss is computed from the logits and the gradient of
this loss is backpropagated to jointly optimize the Scorer MLP and GNN.
We initialize weights using the Kaiming uniform method [17] to mitigate
vanishing or exploding gradients.

3.3 Continuous Relaxation via Gumbel-Softmax

The deterministic assignment process is non-differentiable due to the
argmax operation over the logits 𝑙𝑖 𝑗 , which presents a key challenge.
We overcome this by using the Gumbel-Softmax technique [37], which
provides a continuous approximation for sampling from a categorical
distribution. This yields a differentiable probability 𝑝𝑖 𝑗 for assigning node
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𝑣𝑖 to the cluster representated by 𝑣 𝑗 :

𝑝𝑖 𝑗 =
exp((𝑙𝑖 𝑗 + 𝑔𝑖 𝑗 )/𝜏)∑

𝑘∈𝐶𝑖
exp((𝑙𝑖𝑘 + 𝑔𝑖𝑘 )/𝜏)

(3)

where 𝑔𝑖 𝑗 ∼ Gumbel(0, 1) are i.i.d. Gumbel noise samples and 𝜏 is a
temperature parameter. As 𝜏 → 0, this distribution approaches a one-hot
selection. We anneal 𝜏 during backpropagation to gradually shift from an
exploratory to an exploitative solution space.

For efficiency, we compute all probabilities in a fully vectorized man-
ner, as illustrated in Figure 4. We construct a node_indices vector,
which maps each potential assignment back to its source node, and an
option_indices vector, which flattens all candidate options into a single
list. This allows us to gather GNN embeddings and compute a single flat
vector of logits in parallel. A highly efficient segmented softmax, grouped
by node_indices, is then applied to this vector to compute the final
probabilities.

3.4 Differentiable Loss Function

The graph partitioning problem seeks to find an assignment function,
𝜋 : 𝑉 → 𝑉 , that maps each node 𝑣𝑖 ∈ 𝑉 to a representative node 𝑣 𝑗 ,
under the constraint that 𝑣 𝑗 must be in the set of ancestors of 𝑣𝑖 or be 𝑣𝑖
itself (𝑣 𝑗 ∈ ancestors(𝑣𝑖 ) ∪ {𝑣𝑖 }). This mapping defines a set of clusters
𝐾 = {𝑘 | ∃𝑖, 𝜋 (𝑖) = 𝑘}. The objective is to find an optimal partition 𝜋∗
that minimizes a cost function:

𝐶 (𝜋) = 𝜆cluster𝐶cluster (𝜋) + 𝜆sync𝐶sync (𝜋) (4)

where 𝐶sync (𝜋) = |𝐾 | is the number of clusters and 𝐶cluster (𝜋) penalizes
cost imbalance between clusters. 𝜆cluster and 𝜆sync are the weights of
each component of the cost function. As synchronization cost is directly
proportional to thread count𝑇 , 𝜆sync is modelled to increase with increase
in 𝑇 as follows:

𝜆sync (𝑇 ) = 𝜆sync,low +
(
𝜆sync,high − 𝜆sync,low

)
· tanh

(
𝑇 − 1
𝑘

)
(5)

where 𝜆sync,low = 𝜆cluster/10 and 𝜆sync,high = 𝜆𝑐𝑙𝑢𝑠𝑡𝑒𝑟 /2 to prevent 𝜆𝑠𝑦𝑛𝑐
from skewing Eqn. 4 and 𝑘 is the smoothing factor.

We reframe the problem in a continuous domain. Instead of making a
deterministic assignment for each node 𝑣𝑖 , we learn a probability distri-
bution 𝑃𝑖 over all valid candidate representatives 𝐶𝑖 = {𝑣𝑖 } ∪ parents(𝑣𝑖 ).
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Figure 5: Illustration of the core mechanism of the differentiable cost function. (a) Consider node D which has probabilities 𝑝𝑎, 𝑝𝑏 , 𝑝𝑐 , 𝑝𝑑
of forming a partition with A,B,C and D respectively denoted as 𝑃𝐴, 𝑃𝐵, 𝑃𝐶 , 𝑃𝐷 . (b) The expected cost of a potential partition is computed

by propagating costs of D denoted by 𝑓 (𝐷) multiplied by the respective probability. (c) Finally, D is assigned to the partition which has

the highest probability value which is free of cycles: in this case 𝑃𝐵 .

This yields a probability matrix P ∈ [0, 1] |𝑉 |× |𝑉 | , where 𝑝𝑖 𝑗 = 𝑃 (𝜋 (𝑖) = 𝑗)
for 𝑗 ∈ 𝐶𝑖 , and 𝑝𝑖 𝑗 = 0 otherwise. This transformation allows us to de-
fine a differentiable loss function based on the expected values of our
objectives.

With the continuous probability matrix P, we define a differentiable
loss function based on the expected values of our objectives. The total
loss is 𝐿 = 𝜆cluster · 𝐿̂cluster + 𝜆sync · 𝐿̂sync.
• Expected Synchronization Cost: The differentiable proxy for the
number of clusters is the expected number of clusters, computed as the
sum of probabilities of each node becoming its own cluster representa-
tive:

𝐿̂sync = E[|𝐾 |] =
∑︁
𝑖∈𝑉

𝑃 (𝜋 (𝑖) = 𝑖) =
∑︁
𝑖∈𝑉

𝑝𝑖𝑖 (6)

• Expected Cluster Cost Variance: To facilitate load balancing, we
penalize the variance of cluster costs. We use a differentiable cost prop-
agation algorithm, detailed in Algorithm 2 and illustrated in Figure 5,
that iteratively computes the expected accumulated cost 𝐴 (𝑑 )

𝑖
for each

node 𝑣𝑖 in an efficient manner. The update is given by:

𝐴
(𝑑 )
𝑖

= cost(𝑖) +
∑︁

𝑗∈parents(𝑖 )
𝑝 𝑗𝑖 · 𝐴 (𝑑−1)𝑗

(7)

We repeat this update for 𝐷 steps, where 𝐷 is the maximum depth
of the graph. The loss term is then formulated as the sum of squared
expected costs for each potential cluster, encouraging costs 𝐴 (𝐷 )

𝑖
to be

small and uniform:

𝐿̂cluster =
∑︁
𝑖∈𝑉
(𝑝𝑖𝑖 · 𝐴 (𝐷 )𝑖

)2 (8)

Algorithm 2: Differentiable Cost Propagation
Input: Graph𝐺 (𝑉 , 𝐸 ) , Initial costs𝐶0 ∈ R|𝑉 | , Probabilities 𝑃 ∈ R|𝐸 |
Output: Final accumulated costs𝐴(𝐷 )

1 𝐴← 𝐶0 // Initialize accumulated costs 𝐴 (0)

2 𝐷 ← MaxGraphDepth(𝐺 )
3 𝑆, 𝑅 ← 𝐺.senders,𝐺.receivers // Get senders/receivers indices for all

edges

4 for 𝑑 ← 1 to 𝐷 do

5 𝐴senders ← 𝐴[𝑆 ] // Gather all sender nodes 𝐴 (𝑑−1)

6 𝑀 ← 𝐴senders ⊙ 𝑃 // Calculate weighted messages for all edges

7 𝑀agg ← SegmentSum(𝑀,𝑅, |𝑉 | ) // Aggregate messages by receiver

nodes

8 𝐴← 𝐶0 +𝑀agg // Update total costs 𝐴(𝑑 )

9 return𝐴 // Return final costs 𝐴(𝐷 )

Both loss terms are normalized to improve backpropagation stability.
To ensure that the cluster variance and synchronization cost terms are
balanced and numerically stable throughout the backpropagation phase,
each term is normalized to the range [0, 1] before being weighted by its

respective 𝜆 value. We normalize the terms using analytically derived
bounds. For the cluster variance term, the lower bound is the sum of
each node’s squared cost (representing a partition where every node is
its own cluster), and the upper bound is the squared sum of all node costs
(representing a single massive cluster). For the synchronization term, the
bounds are simply 1 and the total number of nodes, |𝑉 |.

3.5 Cycle-free Sampling

After every certain backpropagation iterations, we convert the learned
probabilistic partitioning into a deterministic assignment by setting the
Gumbel-Softmax temperature 𝜏 → 0, effectively recovering the standard
softmax probabilities from the model’s logits. However, the concrete
partitions may contain cycles as shown in Figure 6, which is invalid. We
present an efficient approach in Algorithm 3 which ensures that no cycles
are formed.

Algorithm 3: Cycle-free Sampling
Input: Softmax probabilities 𝑃 , Graph𝐺
Output: Final partition assignments𝐴

1 𝑇 ← TopologicalSort(𝐺 )
2 𝐴← empty map ;𝐺cluster ← empty graph
3 foreach node 𝑢 in𝑇 do

4 𝐶𝑢 ← Sorted(Parents(𝑢 ) ∪ {𝑢}) by 𝑃𝑢 descending
5 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 ← False

6 foreach candidate 𝑣 in𝐶𝑢 do

7 𝑟𝑒𝑝𝑣 ← 𝐴[𝑣 ] if 𝑣 ∈ 𝐴 else 𝑣 // Get v’s cluster

8 𝑖𝑠_𝑐𝑦𝑐𝑙𝑖𝑐 ← False

9 foreach parent 𝑝 of 𝑢 do

10 if 𝐴[𝑝 ] ≠ 𝑟𝑒𝑝𝑣 and path exists from 𝑟𝑒𝑝𝑣 → 𝐴[𝑝 ] in𝐺cluster then
11 𝑖𝑠_𝑐𝑦𝑐𝑙𝑖𝑐 ← True; break
12 if not 𝑖𝑠_𝑐𝑦𝑐𝑙𝑖𝑐 then

13 𝐴[𝑢 ] ← 𝑟𝑒𝑝𝑣 ; 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 ← True; break
// u is always a candidate in 𝐶𝑢, which denotes self-cluster and

is free of cycles

// Update cluster dependencies for the final assignment

14 foreach parent 𝑝 of 𝑢 if𝐴[𝑝 ] ≠ 𝐴[𝑢 ] do
15 Add edge𝐴[𝑝 ] → 𝐴[𝑢 ] to𝐺cluster
16 return𝐴

The algorithm processes nodes in topological order and assigns each
node to the highest-probability candidate cluster that does not introduce
a cycle in the evolving cluster dependency graph. Because each node is
always eligible to form its own singleton cluster, which by construction
cannot create a cycle, the procedure is guaranteed to produce a valid,
acyclic and executable partition.

4 Experimental Evaluation

We evaluate the performance of DiffPart on a diverse RISC-V bench-
mark, spanning a range of complexity, from functional units such as
encryption, cryptography, deep learning accelerators to general purpose
processors and SoCs [1, 2, 21, 42, 44, 47, 48]. Table 1 summarizes key



Table 1: Overall performance comparison between Verilator and DiffPart under 16 threads, where the parallel efficiency saturates. "-"

means Verilator fails to find a partition due to its hard-coded partitioning constraints.

Benchmark Simulation Runtime (s) Partitioning Time (s) Partitioned # mTasks

Name # LOC # mTasks # Edges Verilator DiffPart Speedup Verilator
DiffPart

Verilator DiffPart
Total Sampling BackProp

RocketChip 81,306 10,376 32,249 11.53 4.76 2.42× 3.31 77.95 6.44% 92.13% 431 1

Conv2D 10,605 6,340 13,781 7.56 2.64 2.86× 0.29 44.93 6.08% 91.17% 128 10

GEMM 7,850 5,079 10,706 6.23 1.12 5.54× 0.14 35.16 7.36% 89.22% 110 2

FMUL 53,380 3,455 7,231 - 3.34 - - 24.97 9.39% 83.06% - 1

RocketCore 7,248 1,090 2,982 11.89 4.60 2.58× 0.40 13.68 4.47% 77.37% 620 70

FPU 4,482 511 1,346 6.84 5.61 1.22× 0.15 9.15 2.10% 68.34% 163 454

RISCVMini 3,315 491 1,437 6.78 0.27 24.49× 0.08 9.16 3.02% 69.08% 239 5

SodorCore 3,152 291 798 7.50 4.02 1.87× 0.07 7.94 1.14% 65.39% 261 168

SHA256 1,084 145 376 4.69 0.08 55.25× 0.01 6.498 1.03% 59.21% 138 1
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Figure 6: Cycle formation during sampling. (a) An invalid parti-

tioning due to cyclic dependencies between 𝑃𝐴 and 𝑃𝐶 . (b) A valid

partitioning result where 𝑃𝐴 includes node A, 𝑃𝐶 includes nodes B

and C, and 𝑃𝐷 includes node D.

graph statistics, while Table 2 categorizes each design. All experiments
are conducted on a 64-bit Linux machine with 20-core Intel Core i5-13500
CPU and 125 GB RAM.

Our implementation utilizes JAX [3], a high-performance numerical
computing library well-suited for differentiable optimization. The GNN
model uses an input dimension of 6, a hidden dimension of 16, and a final
embedding size of 8. During the backpropagation phase, the Gumbel-
Softmax temperature is annealed from an initial value of 𝜏0 = 50.0 to
a minimum of 𝜏min = 0.8, using a multiplicative decay factor of 0.985
per step. We use the AdamW optimizer with a learning rate 𝜂 = 0.01.
The loss function combines clustering and synchronization objectives,
with weights 𝜆cluster = −1.0, 𝜆sync,low = −0.1, and 𝜆sync,high = −0.5. The
smoothing factor in Eqn 5 is set to 𝑘 = 27. Each design is trained for 400
iterations, with sampling performed every 10 steps to monitor solution
quality. All data shown are averaged over ten runs.

Table 2: Types of benchmarks used in the evaluation.

Benchmark Type Benchmark Type

RocketChip System-on-Chip FPU Floating-Point Unit
Conv2D Accelerator RISCVMini Processing Core
GEMM Matrix Multiplier SodorCore Processing Core
FMUL Float Multiplier SHA256 Functional Unit

RocketCore Processing Core

4.1 Baseline

We use Verilator’s [43] built-in partitioner as our baseline. Verilator is a
widely used, state-of-the-art RTL simulator that supports multithreading
for faster simulation runtime. Internally, Verilator partitions an input
design into dependent macro tasks and leverages TGP for parallel simula-
tion. Verilator employs a cost-based heuristic algorithm, inspired by [39],
to assign logic blocks to threads. This algorithm aims to balance compu-
tational load while preserving data dependencies. However, as discussed
in Section 1, this algorithm ignores real threading costs but a proxy com-
binatorial objective. It also depends on the user to select a number of
simulation threads, which, if chosen incorrectly, may cause the parti-
tioner to fail due to hard-coded partitioning constraints (e.g., critical path
length must converge to a threshold [39]) or lead to poor workload bal-
ancing. Together, these limitations often result in suboptimal simulation
performance.

4.2 Overall Performance Analysis

Table 1 compares the overall simulation runtime, partitioning time,
and the number of partitioned macro tasks generated between DiffPart
and Verilator at 16 threads, where simulation performance saturates on
our machine. Note that since Verilator is a cycle-by-cycle simulator, its
runtime scales linearly with the number of cycles, which would only pro-
portionally increase the performance gap relative to our method. Hence,
we use 1M cycles for all simulations, a reasonable number for large-scale
RTL simulation [33].

As shown in Table 1, DiffPart consistently outperforms Verilator in
terms of simulation runtime across all designs. The maximum observed
speedup is 55.25× for SHA256. In most cases, DiffPart learns to generate
a smaller number of partitioned mTasks that minimize the overall thread-
ing cost. However, there are cases, such as the FPU, where DiffPart
generates more mTasks to achieve faster simulation runtime. This result
highlights the effectiveness of our differentiable cost function in capturing
the trade-off between available parallelism and threading overhead under
real operating conditions.

Another strength of DiffPart is that it consistently produces valid
partitions without requiring the user to explicitly specify or fine-tune
the number of threads. In contrast, we observed that Verilator sometimes
fails to generate a valid partition for certain benchmarks, such as FMUL,
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Figure 7: Speedup for RocketChip and Conv2D across different

thread counts at 10 million and 100 million simulation cycles(c).

In general, speedup increases slightly with the number of cycles.

and prompts the user to select a different number of threads for parti-
tioning. This behavior highlights Verilator’s reliance on time-consuming
parameter tuning, which adds extra burden to the user.

While DiffPart incurs higher partitioning time compared to Verila-
tor, this overhead is expected. Verilator employs a fast greedy heuris-
tic, whereas DiffPart iteratively optimizes toward a solution through
gradient-based updates. We observe that the vast majority of this time is
productively used in the core backpropagation optimization loop, with
this phase consistently consuming between 59% and 92% of the total
budget. In Table 1, under partitioning time, the Sampling and BackProp
percentages for DiffPart do not sum to 100% because the remainder is
attributed to constant setup costs, such as graph construction and array
initialization. These costs represent a larger share of the runtime for
smaller designs (e.g., SHA256) but become negligible for larger ones (e.g.,
RocketChip). Notably, our Cycle-free Sampling algorithm is highly effi-
cient, consistently accounting for less than 10% of the total partitioning
time. That being said, the partitioning process incurs only a one-time
compilation cost, which is a favorable trade-off given the significant
simulation speedups achieved.

4.3 Partition Quality Analysis

We evaluate the performance of DiffPart at a larger scale by increas-
ing the number of simulation cycles. This is critical, as industrial-scale
verification often requires hundreds of millions of cycles for thorough cov-
erage [33]. Figure 7 presents the speedup of DiffPart over Verilator for
the two largest designs, RocketChip and Conv2D, evaluated at 10 million
and 100 million cycles across different thread counts,𝑇 = {2, 4, 6, 8, 12, 16}.

A key observation is that for a fixed number of threads, the speedup
from DiffPart improves as the number of cycles increases. For instance,
with Conv2D at 𝑇 = 8, the speedup grows from 4.76× at 1 million cycles
to 5.32× at 100 million cycles. We attribute this observation to the high-
quality partitions produced by DiffPart, which more effectively reduce
the cumulative runtime overhead from thread management, a factor
that becomes increasingly significant in longer simulations. For Conv2D,
we observe diminishing returns at higher thread counts, with speedup
peaking at 𝑇 = 8. Nonetheless, DiffPart consistently outperforms the
baseline partitions. We attribute this to our algorithm, which, unlike hard-
coded heuristics, uses gradient-based updates to minimize a differentiable
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Figure 8: Speedup for RocketChip and Conv2D across thread

counts for 1million simulation cycleswhen using a dynamic sched-

uler in place of Verilator’s default backend. DiffPart consistently

improves simulation performance, highlighting its robustness to

different downstream simulation workflows.

cost function and explicitly optimize for a lower execution runtime under
any operating conditions.

4.4 Robustness Study

Since DiffPart targets framework-level innovation, we evaluate its
robustness by testing it across alternative downstream simulation work-
flows. Specifically, we replace Verilator’s hard-coded static scheduler with
a widely-used dynamic scheduler, Taskflow [18], to execute the partitions
generated by DiffPart. This setup allows us to assess the robustness of
our partitions independently of any specialized execution engine that
may require non-trivial implementation or integration.

Figure 8 shows the speedup of DiffPart over Verilator for RocketChip
and Conv2D across different thread counts 𝑇 = {2, 4, 6, 8, 12, 16} for 1
million simulation cycles. Across all thread counts, DiffPart consistently
outperforms Verilator, with the performance gap widening as𝑇 increases,
demonstrating that its benefits are not tied to a specific scheduler. On av-
erage, DiffPart achieves speedups of 2.35× for RocketChip and 1.6× for
Conv2D, with similar trends observed for smaller designs. These results
highlight the robustness of DiffPart to different simulation backends.

5 Conclusion

In this paper, we have introduced DiffPart, a differentiable task graph
partitioning framework that automatically learns how to derive high-
quality partitions under real operating conditions. Using RTL simulation
as a case study, DiffPart improves state-of-the-art Verilator’s parti-
tioning quality by achieving up to 1.22–55.25× faster runtime across
various hardware designs. Although DiffPart is initially targeted at
RTL simulation, the results are very encouraging. We believe the ideas
behind DiffPart naturally extend to other TGP-powered EDA applica-
tions, since they all rely on efficiently partitioning dependent tasks for
parallel execution. Inspired by our research [4, 6, 9, 10, 12–16, 19, 26–
30, 32, 36, 38, 40, 45, 46, 49, 50], we plan to enhance the performance of
DiffPart using GPU.
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