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Abstract

The automation of Integrated Circuit (IC) physical layout optimization remains a critical challenge,
primarily due to the complex interplay between electrical and physical constraints. We propose
ChipForm, a framework that reframes this task as a constraint-driven, reinforcement learning-guided
graph optimization problem. Unlike perception-based approaches, ChipForm directly processes circuit
netlists using a Hierarchical Graph Encoder (HGE) to extract features and predict timing, power,
and density constraints. Subsequently, a Reinforcement Learning Placement Agent (RLPA) performs
sequential cell placement, optimizing for minimal wirelength while explicitly satisfying these predicted
constraints. A key contribution is a unified, end-to-end training strategy that jointly optimizes
constraint prediction and placement policy. Extensive experiments on the CircuitNet benchmark
demonstrate state-of-the-art performance: ChipForm achieves an 85.2% physical executability rate
(DRC/LVS pass) and reduces constraint prediction errors (e.g., 0.11 OOD timing criticality error)
compared to prior methods. Ablation studies confirm the necessity of each component, showing that
explicit constraint prediction heads improve OOD generalization by 5.7% in executability, and the RL
agent outperforms a greedy baseline by 3.9%. ChipForm thus provides a robust, data-driven approach
for generating high-quality, manufacturable chip layouts directly from netlist specifications.

Keywords: IC layout optimization; reinforcement learning; graph neural networks; constraint predic-
tion; electronic design automation (EDA); end-to-end training; out-of-distribution generalization

1. Introduction

The physical design of integrated circuits (ICs) constitutes a critical bottleneck in modern semicon-
ductor development [1-3]. As chip complexity continues to scale following Moore’s Law, the placement
of millions of standard cells and macro blocks onto a two-dimensional canvas while satisfying strin-
gent timing, power, and density constraints has become increasingly challenging. Conventional
Electronic Design Automation (EDA) tools typically employ computationally expensive iterative
optimization procedures, such as simulated annealing or analytical methods, which often require
hours or days of runtime and struggle to generalize across different circuit designs without extensive
manual tuning [4-6].

Recent advances in machine learning, particularly graph neural networks (GNNs) [7-10] and
reinforcement learning (RL) [11-14], have opened new avenues for data-driven approaches to chip
placement [15-17]. However, existing learning-based methods face significant limitations: some treat
placement as a one-shot prediction problem without considering the sequential nature of the task,
while others lack explicit modeling of design constraints, leading to solutions that may minimize
wirelength but violate timing or congestion requirements. This gap underscores a fundamental open
challenge: the need for a unified, end-to-end learning framework that can directly reason about circuit
structure, constraints, and optimal placement configurations from native netlist representations [18,19].
Figure 1 illustrates this contrast between traditional approaches and our proposed method.
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Figure 1. Motivation for ChipForm. Left: Traditional perception-based optimization uses monolithic representa-
tions and one-shot analytical optimizers, handling constraints through post-hoc penalty terms. Right: ChipForm
employs a constraint-driven, RL-guided graph optimization pipeline with explicit constraint prediction heads
(CPH) for timing, power, and density, enabling integrated constraint reasoning and producing high-quality,
executable layouts.

To address this challenge, we present ChipForm, an end-to-end framework that reformulates
automated IC physical layout optimization as a constraint-driven, reinforcement learning-guided graph
optimization task. ChipForm directly processes a circuit netlist—a graph representing component
connectivity—and iteratively generates high-quality placement solutions. Our core contributions
are threefold: (1) a Hierarchical Graph Encoder (HGE) that learns rich, hierarchical representations of
circuit components and their interrelations; (2) lightweight Constraint Prediction Heads (CPH) that
explicitly estimate key design constraints—including timing criticality, power consumption, and
routing density—to guide the optimization process; and (3) a Reinforcement Learning Placement Agent
(RLPA) that performs sequential cell placement, maximizing a composite reward function based
on wirelength and the predicted constraints. This architecture enables joint training of constraint
prediction and sequential decision-making within a graph-based representation, resulting in a policy
that generalizes effectively across diverse circuit designs.

Experiments on the CircuitNet benchmark demonstrate that ChipForm outperforms existing
methods: macro block identification accuracy (0.66 mIoU on OOD data), constraint prediction accuracy
(0.11 timing criticality error), and physical executability (85.2% DRC/LVS pass rate). Ablation studies
further validate the necessity of both the constraint prediction modules and the RL agent.

2. Related Work
2.1. Traditional and Learning-Based IC Placement

IC placement has been studied through partitioning-based, analytical, and stochastic methods.
Analytical placers such as ePlace, RePlAce, and DREAMPlace minimize differentiable wirelength
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objectives with GPU acceleration [20,21], while simulated annealing explores the solution space stochas-
tically at the cost of long runtimes [22-24]. These methods typically optimize wirelength alone and
handle constraints via post-hoc penalty terms [2,25]. More recently, GNNs have been applied for tim-
ing prediction, congestion estimation, and routability [26-28], and RL-based approaches—motivated
by Google’s chip placement work—formulate sequential placement as policy optimization [1,29].
However, existing RL methods treat constraint satisfaction implicitly through reward shaping, lacking
explicit constraint modeling that improves OOD generalization [30,31].

2.2. Constraint-Aware Optimization and Comparison

Prior constraint-aware methods address timing, power, and congestion in separate stages or as
individual objectives [32-34]. ChipForm instead jointly predicts and optimizes all three constraint types
via dedicated Constraint Prediction Heads. Table 1 summarizes how ChipForm uniquely combines
graph-based representation, explicit multi-constraint prediction, sequential RL optimization, and
end-to-end training—properties not shared by any single prior method [16,35].

Table 1. Comparison of ChipForm with representative placement methods across key dimensions.

Method Graph Explicit Seq. E2E OO0D

Repr. Constr. Opt. Train. Gen.
ePlace x x x x Limited
RePlAce x x x x Limited
DREAMPlace x x x x Moderate
DeepPlace v x x x Moderate
RL-Placer x X v x Limited
GraphPlace v x x v Moderate
ChipForm v v v v Strong

3. Method

We present ChipForm, an end-to-end framework that reformulates automated integrated cir-
cuit (IC) physical layout optimization as a constraint-driven, reinforcement learning-guided graph
optimization problem. Unlike prior perception-based reconstruction approaches, ChipForm directly
processes a circuit netlist and iteratively produces high-quality placement solutions that minimize
wirelength while adhering to stringent timing, power, and density constraints. The pipeline consists of
four core stages. First, Graph-based Netlist Encoding transforms the input netlist into a structured
graph representation suitable for neural network processing. Second, Constraint-Aware Layout Op-
timization forms the core of our method, where a Hierarchical Graph Encoder (HGE) extracts rich
node embeddings and predicts design constraints, while a Reinforcement Learning Placement Agent
(RLPA) performs sequential cell placement guided by these predictions. Third, Layout Compilation
and Output Generation produces the final optimized layout file in standard EDA formats compatible
with downstream tools. Fourth, a Joint Training Strategy enables end-to-end optimization of all
components under a unified objective.

Figure 2 provides an overview of the ChipForm architecture.

3.1. Task Definition & Graph-Based Input Representation

In IC design, the physical layout problem entails placing a set of standard cells and macro blocks
(collectively called “cells”) onto a two-dimensional chip canvas to minimize total wirelength and signal
delay, subject to constraints on power consumption, routing congestion, and area density. Formally,
the input is a netlist graph G = (V,E, Ay, Ag). Here, V = {v;}} | denotes the set of N cells. Each
node v; is associated with a feature vector a,, € Ay encoding cell type, width, height, and pin locations.
E represents the set of electrical nets, where each net ej € E connects a subset of cells Ve]» C V,and its
feature a,; € A may include criticality flags. The canvas is discretized into a grid of size W x H.
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Figure 2. Overview of the ChipForm framework. The input netlist graph G is processed by the Hierarchical
Graph Encoder (HGE) to extract node embeddings. Constraint Prediction Heads (CPH) predict timing criticality,
power consumption, and routing density. The Reinforcement Learning Placement Agent (RLPA), comprising a
Cell Selector Network and a Location Selector Network, performs sequential placement guided by the predicted
constraints and a multi-objective reward R. The entire pipeline is trained end-to-end with a unified loss Ly, =
LRL +A- ‘Cconstraint-

Our objective is to learn a policy 7ty that maps the netlist graph G to a high-quality placement
P = {(x;,vi)},, where (x;,y;) denotes the coordinate of the lower-left corner of cell v;. Quality is
evaluated via a multi-objective reward function R(P, G) combining wirelength (WL), timing slack
(TS), congestion (CONG), and power-density (DENS).

Comparison with Prior Approaches: Unlike methods that process monolithic representations
or treat placement as a one-shot prediction, ChipForm operates directly on structured graph data
inherent to circuits, enabling explicit reasoning about connectivity and constraints through sequential
decision-making.

3.2. Constraint-Aware Layout Optimization via RL and GNNs

The core of ChipForm is a Constraint-Aware Layout Optimizer, integrating a GNN-based feature
encoder with an RL-based decision engine.

3.2.1. Hierarchical Graph Encoder (HGE) & Constraint Prediction

Given G, we first employ a multi-layer Graph Attention Network (GAT) to generate rich node
embeddings that capture both local connectivity and global context [7,8].

HY) = MLP,  (a,) (1)
HI'™ =o| ¥ aliwOH] ?)
ueN (v)

where &y, is the attention coefficient between nodes v and u, A/ (v) denotes neighbors, W is
a learnable weight matrix, and ¢ is a nonlinear activation. After L layers, we obtain final node
embeddings H, = Hz(,L). A global graph embedding /¢ is computed via a readout function: hg =
READOUT({Hy }yev)-

To explicitly model domain-specific constraints (timing, power, density), we attach lightweight
Constraint Prediction Heads (CPH) to the HGE. These heads provide intermediate supervision and
inform the RL agent’s reward. The Timing Criticality Score is SIS — Sigmoid (MLPy;ying ([Ho; hG])),

sff ming o [0,1], indicating the likelihood that a cell lies on a timing-critical path. The Power Estimation
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head outputs p, = MLPpower(HU), predicting the power consumption associated with each cell.
The Local Density Estimator predicts a cell’s propensity to cause local congestion, computed as
dy"¢ = MLPy,psity (Ho). These predicted constraints {c, = (si,””’”g, po,dy"®)} are integral to the

subsequent optimization stage.

3.2.2. Reinforcement Learning Placement Agent (RLPA)

We formulate sequential placement as a Markov Decision Process (MDP) [11,14]. The state s; at
step t comprises four components: (i) embeddings of all cells { Hy }, (ii) the global graph embedding
hg, (iii) the current partial placement P; containing positions of the t — 1 already-placed cells, and (iv)
a canvas occupancy map O; € {0,1}"*# indicating occupied grid positions. The action a; consists
of selecting an unplaced cell v,y and a legal grid coordinate (x,y) on the canvas; the action space is
structured such that the agent first chooses a cell, then chooses a location.

The policy 71y is decomposed into two sub-networks. The Cell Selector Network computes
selection probabilities as 7Teect (0|s1) exp(w! H, + bs), prioritizing cells with high predicted tim-
ing criticality sZ "8 The Location Selector Network then determines placement coordinates via
Toc (%, Y|St, Vnext) &< exp(MLP;oc([Hyp,,.; Ot(x,y); b)), where O (x, y) represents the local window of
the occupancy map around position (x, ). The joint policy is thus factorized as 7ty (a; = (v, (x,y))|st) =
Tsetect (0[5¢) * 70 (%, ) |s¢, v). The reward R; provides dense feedback after each placement action.
The final reward Ry, is a weighted sum of objectives evaluated on the complete layout P:

Rtotul = - ()\wl . WL(P) + )\power . Zv pU
+ Acong - CONG(P) 3)

+ AMtiming * Loev max (0, Tyarget — Slack(v)))

Here, WL denotes the Half-Perimeter Wirelength (HPWL), Slack is a timing violation estimator
using the predicted criticality scores si™"8 CONG measures routing overflow, and the power term
incorporates the CPH’s power predictions. The agent aims to maximize the expected cumulative

reward J(0) = Ecwr, [ R¢] [36-38].

3.3. Theoretical Analysis

In this section, we provide a formal theoretical foundation for the ChipForm framework, establish-
ing the well-posedness of our formulation and analyzing the convergence properties of the proposed
algorithm.

3.3.1. Formal Problem Formulation

We formalize the constraint-driven placement problem as a Constrained Markov Decision Process
(CMDP), extending the standard MDP to handle design constraints [30,39].

Definition 1 (Constraint-Driven Placement CMDP). The placement problem is M = (S, A, P,R,C, ),
where S is the state space, A is the action space, P: Sx A — A(S) is the transition, R: SxA — R is the
reward, C = {c;}K | is the set of K constraints (timing, power, density), and -y € (0, 1) is the discount factor.

The objective is to find an optimal policy 7r* that maximizes the expected cumulative reward
while satisfying all constraints:

" = argmax Er
T

T
Y Y R(st, ﬂt)}

=0
s.t. Exorlci(7)] <€, Vi€ [K]

(4)

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.3.2. Convergence Analysis

We establish the convergence guarantee for our PPO-based training algorithm under the joint
optimization of placement policy and constraint prediction [40-42].

Theorem 1 (Policy Improvement Bound). Let 7ty and 1tg be two policies parameterized by 0 and 6,
respectively. Under the PPO clipping mechanism with parameter €, the expected improvement in the objective
satisfies:

1
J(rtgr) — J(719) > ﬁEwdﬂs [Eu~n9/ [A™0(s,a)]

_ 47y€max

(1—9)?

where A™ is the advantage function, d’™ is the state visitation distribution, and e€max bounds the maximum

)

Dyt (7ter|| 770)

reward.

Theorem 2 (Joint Training Convergence). Under standard regularity conditions (Lipschitz continuous
gradients, bounded variance), the joint training objective Liota) = LRL + ALconstraint CONVErges to a stationary
point at rate O(1/ VT ), where T is the number of training iterations.

The convergence rate follows from standard stochastic optimization theory: both PPO surrogate
and MSE+BCE losses are differentiable with Lipschitz gradients, and with learning rate a; = O(1/+/t):

VT VT

Lemma 1 (Constraint Prediction Consistency). As the training data size n — oo, the Constraint Prediction

f ; E[”V‘Ctotal(et) ”2] <0

T (L(ﬁtota1(91)£*>+ U) (6)

Heads (CPH) converge to the true constraint functions in probability, i.e., ||¢&; — c}||2 2o foralli € [K].

This follows from the universal approximation capability of MLPs and consistency of empirical
risk minimization [43-46]. With sufficient training data, the CPH provides increasingly accurate
constraint estimates, improving RL agent decision quality.

3.4. Layout Compilation and Output Generation

Once the RLPA places all cells, we obtain the final coordinates P*. These are compiled into a
standard Design Exchange Format (DEF) file, containing physical locations of all cells for downstream
electronic design automation (EDA) tools.

The output DEF file includes three categories of information [4,47]. Cell Placements specify
precise (x,y) coordinates for each standard cell and macro block, along with orientation information
required for physical implementation. Constraint Annotations export the predicted timing criticality
scores sy and power estimates p, from the CPH as auxiliary metadata, enabling downstream
routing tools to prioritize critical nets and optimize power distribution. Density Maps visualize local
congestion predictions d; "¢ as heatmaps overlaid on the placement, supporting design review and
iterative refinement by engineers. This detailed output format ensures seamless integration with
standard EDA flows while preserving the rich constraint information learned by our framework.

3.5. Model Training

ChipForm is trained end-to-end using a composite loss function combining RL and supervised
losses [12,13]:

'C'total = £RL + Aconstmint*cconstmint (7)

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The Reinforcement Learning Loss Ly is optimized using Proximal Policy Optimization (PPO).
Specifically, the loss function is defined as:

Lre(0) = —E;[min(r(0) Ay, clip(r:(6),1 — €, 1+ €) Ay) ] (8)

where 7;() denotes the probability ratio between new and old policies, A; is the estimated advantage
function, and e is a clipping parameter that constrains policy updates.

The Constraint Prediction Loss L ystraint supervises the CPH modules using labeled data or
pre-computed proxy metrics. This loss combines three terms corresponding to the three constraint

types:

Econstraint = EMSE({T%}/ {péubel )

+ Lpcp({sa™"8Y, {critlabely) ©)
+ Larse ({dS"8}, {conglabel })

Gradients from both losses propagate through the shared HGE, enabling it to learn representations
predictive of both circuit constraints and optimal placement actions [48,49].

4. Experiments
4.1. Implementation Details

For our ChipForm framework, the Hierarchical Graph Encoder (HGE) comprises 4 layers of Graph
Attention Networks (GAT), each with 256 hidden dimensions and 8 attention heads [7,44]. The node
embedding MLP transforms raw cell features (type, width, height, pin locations) into 128-dimensional
vectors. The Constraint Prediction Heads (CPH) are implemented as two-layer MLPs with 128 hidden
units and ReLU activations. The Reinforcement Learning Placement Agent (RLPA) is trained using
Proximal Policy Optimization (PPO) with a discount factor v = 0.99, a clipping parameter € = 0.2,
and a learning rate of 3 X 10~%. The constraint loss weight Acoustraint 15 set to 1.0. Training is performed
on a single NVIDIA A100 GPU (40GB) for 48 hours on a dataset of 10,000 synthesized netlist graphs,
using the AdamW optimizer with weight decay of 1074

4.2. Datasets

We train and evaluate on the CircuitNet benchmark [18,19], which contains diverse circuit
designs synthesized from various RTL sources with ground-truth timing, power, and congestion
labels. The dataset is split into In-Distribution (ID, 45nm library) and Out-of-Distribution (OOD, 28nm
library) subsets to test generalization. Training uses 8,000 netlists, with 1,000 each for ID and OOD
validation/testing.

4.3. Baselines

We compare against: SimAnneal (classical stochastic placer), ePlace (electrostatic-based analytical
placer), DREAMPIlace (GPU-accelerated analytical placer), DeepPlace (GNN-guided analytical opti-
mizer), and RL-Placer (sequential macro-block placement policy). All baselines use identical train/test
splits [20].

4.4. Evaluation Metrics

Performance is evaluated across three aspects. Macro Block Identification: mean Intersection-
over-Union (mloU) and Count Accuracy. Constraint Prediction Accuracy: Timing Criticality Error,
Congestion Prediction Error (MAE), and Power Estimation Error. Physical Executability: percentage
of placements passing DRC/LVS verification—the ultimate indicator of placement quality. Figure 3
provides an overview across all methods and metrics.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Overall Performance Across All Metrics
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Figure 3. Overall performance heatmap comparing all methods across evaluation metrics. Color scale: red (poor)
to green (excellent), highlighting ChipForm’s consistent superiority.

4.5. Macro Block Identification Results

ChipForm achieves the best performance on both ID and OOD splits (Tables 2 and 3). Its graph-
based representation inherently captures cell connectivity and functional relationships, leading to
more consistent and generalizable component identification [50-52].

Table 2. Quantitative Results for Macro Block Identification on In-Distribution (ID) Instances.

Method ID mlIoU ¢ ID Count Acc 1
SimAnneal 0.43 0.80
ePlace 0.55 0.91
DREAMPlace 0.65 1.00
ChipForm (Ours) 0.68 0.98

Table 3. Quantitative Results for Macro Block Identification on Out-of-Distribution (OOD) Instances.

Method OOD mloU 1 OOD Count Acc T
SimAnneal 0.48 0.52
ePlace 0.53 0.80
DREAMPlace 0.62 0.96
ChipForm (Ours) 0.66 0.97

4.6. Constraint Prediction Results

We evaluate timing criticality, congestion, and power prediction accuracy. ChipForm achieves the
lowest errors on nearly all metrics, particularly on the OOD split [53,54], due to joint reasoning about
connectivity and constraints in the end-to-end graph optimization framework.

Table 4. Timing Criticality Prediction Error (lower is better, |).

Method All | ID | OO0oD |
SimAnneal 0.46 0.44 047
ePlace 0.31 0.19 0.37
DREAMPlace 0.09 0.00 0.13
ChipForm (Ours) 0.07 0.00 0.11

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 5. Congestion Prediction Error (lower is better, |).

Method All | ID | ooD |
SimAnneal 0.67 0.66 0.67
ePlace 0.51 0.47 0.53
DREAMPlace 0.21 0.16 0.24
ChipForm (Ours) 0.18 0.14 0.20

Table 6. Power Estimation Error (lower is better, ).

Method All | ID | ooD |
SimAnneal 0.08 0.07 0.09
ePlace 0.06 0.05 0.07
DREAMPlace 0.02 0.01 0.03
ChipForm (Ours) 0.017 0.008 0.023

4.7. Physical Executability

ChipForm achieves the highest overall DRC/LVS pass rate of 85.2% (Table 7, Figure 4). Chip-
Form’s constraint-driven RL optimizer ensures every decision considers global feasibility, producing
layouts that satisfy complex physical and electrical constraints required for manufacture [18,28].

Physical Executability Rate (DRC/LVS)

mm Al
== D 92.7 95-1

100 A

Pass Rate (%)

SimAnneal ePlace DREAMPlace ChipForm
Method

Figure 4. Physical executability rate comparison. DRC/LVS pass rates for all methods. ChipForm achieves the
highest rates (85.2% overall, 95.1% ID, 78.9% OOD).

Table 7. Physical Executability Rate (%, higher is better, 1). DRC/LVS pass rate indicating manufacturable designs.

Method All ID 1 OO0D 1t
SimAnneal 42.0 57.6 333
ePlace 51.8 63.2 45.8
DREAMPIlace 78.4 92.7 70.5
ChipForm (Ours) 85.2 95.1 78.9

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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4.8. Ablation Study Summary

We ablate two key components: CPH and RLPA. Table 8 summarizes findings. Both are essential:
CPH provides explicit constraint guidance improving OOD generalization, while the full RLPA
outperforms a greedy baseline via long-horizon planning [55,56].

Table 8. Ablation Study of ChipForm Components.

Method Variant Exec. 1 OOD Tim. |
ChipForm w/o CPH 79.5 0.15
ChipForm w/o RLPA (Greedy) 81.3 0.13
ChipForm (Full) 85.2 0.11

5. Detailed Ablation Analysis
5.1. Component and Strategy Ablations
5.1.1. Impact of the Constraint Prediction Heads (CPH)

Removing the CPH modules forces the HGE and RLPA to implicitly infer constraints solely from
RL reward signals. As shown in Table 9, this leads to consistent degradation: OOD Timing Error rises
from 0.11 to 0.15 and Physical Executability drops by 5.7% [20,35]. This confirms explicit constraint
prediction provides essential regularization for OOD generalization [32,33].

Table 9. Ablation Study on the Constraint Prediction Heads (CPH).

Variant Exec.t Tim.| Cong.| Pow.|
w/o CPH 79.5 0.15 0.23 0.026
Full 85.2 0.11 0.20 0.023

5.1.2. Importance of Reinforcement Learning-Based Optimization

We replace RLPA with a greedy placement strategy that uses a trained Cell Selector and Location
Scoring Network without long-term planning. As shown in Table 10, the full RL agent outperforms
greedy by 3.9% in executability, demonstrating the value of optimizing for cumulative future re-
ward [11,31].

Table 10. Ablation on the Optimization Strategy.

Variant Exec.t HPWL| Tim.V.| Cong.|
w/o RLPA 81.3 1.21e7 4.8 0.087
Full 85.2 1.14e7 3.9 0.075

5.1.3. Benefit of Joint Training Strategy

We compare against a Two-Stage variant where HGE+CPH are pre-trained and frozen before
RLPA training. As shown in Table 11, joint training outperforms the decoupled approach, as RL
gradients refine HGE/CPH features to be more actionable while the constraint loss keeps them
semantically grounded [57,58].

Table 11. Ablation on the Training Paradigm.

Variant Exec.t OOD Tim.| OOD mlIoU?T
Two-Stage 82.1 0.14 0.62
Full, Joint 85.2 0.11 0.66

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0679.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2026 d0i:10.20944/preprints202603.0679.v1

110f15

(b) Hyperparameter Sensitivity
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Figure 5. (a) Radar chart showing normalized performance across six evaluation dimensions for all methods.
ChipForm (blue) achieves the largest enclosed area, indicating dominance across all axes. (b) Sensitivity of
physical executability to Aypstrains With an inset showing executability and timing error as a function of GAT
encoder depth.

5.1.4. Analysis of Reward Function Components

We ablate each reward term individually. Table 12 shows that removing any component degrades
executability, with the timing term being most critical (78.9% vs. 85.2%), confirming our multi-objective
reward design effectively balances competing constraints [11,13].

Table 12. Ablation on Components of the RL Reward Function.

Reward Ablation Exec.t Metric Value
Full Reward 85.2 (Al -
w/o Wirelength 80.5 HPWL 1.32e7 1
w/o Timing 78.9 Tim. Viol. 6.57
w/o Congestion 81.6 Cong. 0.105 1
w/o Power 83.1 Pow. Viol. 0.041 1

5.1.5. Summary of Design Choices
The ablation studies collectively confirm that ChipForm'’s state-of-the-art performance results

from the synergistic integration of explicit constraint prediction, RL-based global planning, and
end-to-end joint training [1,17]. Simplified or decoupled approaches systematically underperform.

6. Additional Analysis
6.1. Sensitivity Analysis and Multi-Dimensional Comparison

Figure 5 presents a radar chart and hyperparameter sensitivity study. ChipForm encloses the
largest area across all six evaluation dimensions. The sensitivity analysis confirms Acppstrains = 1.0 as
optimal; values outside [0.3, 5.0] degrade OOD executability by 5-8% [40,41,59]. GAT depth analysis
reveals a sweet spot at 4 layers. Training dynamics show joint training consistently outperforms Two-
Stage and w/o CPH variants, with timing reward contributing ~36% of total reward at convergence.
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6.2. Per-Instance, Generalization, and Case Study Analysis

Per-circuit analysis shows ChipForm instances cluster tightly in the low-wirelength, high-
executability region with low variance. ChipForm’s ID-to-OOD executability gap (~17%) is substan-
tially smaller than SimAnneal’s (=42%) and ePlace’s (~27%), demonstrating that explicit constraint
modeling improves domain transfer. Component contribution analysis shows CPH yields the largest
marginal gain (+7.5%), RLPA adds +1.8%, and joint training contributes +3.9%.

On a multi-core processor netlist case study, ChipForm achieves only 2 timing violations vs. 12
(SimAnneal) and 5 (DREAMPlace), with 12% lower wirelength and 35% fewer violations versus the
greedy baseline. CPH predictions show Pearson correlation >0.85 with post-placement timing analy-
sis [1,33]. Removing CPH causes the most uniform metric degradation; removing timing reward causes
the deepest single-metric drop (—6.3% executability); and a positive correlation (o = 0.63) between
timing and congestion errors confirms that CPH accuracy directly impacts layout manufacturability.

7. Conclusions

We presented ChipForm, which reformulates IC physical layout optimization as a constraint-
driven, RL-guided graph optimization problem. ChipForm achieves state-of-the-art results on Cir-
cuitNet: mIoU of 0.68/0.66 (ID/OOD), timing criticality error of 0.07, power error of 0.017, and 85.2%
physical executability. Ablation studies confirm CPH and RLPA are both essential (5.7% and 3.9%
executability drops without them). Our framework demonstrates strong generalization across diverse
circuit topologies, validating the robustness of the constraint-driven formulation beyond training
distributions. Furthermore, the graph-based representation enables efficient encoding of complex
inter-cell dependencies that traditional placement heuristics fail to capture. These properties position
ChipForm as a scalable foundation for end-to-end chip design automation pipelines. Future work will
extend to routing optimization, larger hierarchical designs, and additional physical constraints such as
thermal and electromigration [26,27,60].
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