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Abstract—Hybrid bonding (HB) in 3D ICs enables scaling
but introduces overlap challenges from large pitch requirements.
Existing legalization methods use exhaustive sliding-window scan-
ning, resulting in significant computational inefficiency. To address
this, we propose a reinforcement learning (RL) approach that
adaptively selects subregions for targeted displacement optimiza-
tion. The learned policy generalizes to unseen designs without
fine-tuning. Experimental results on open-source and industrial
benchmarks show our method fully eliminates overlaps with min-
imal displacement and reduced runtime compared with baselines.

Index Terms—3D ICs, Bonding Terminal Planning, Legaliza-
tion, Reinforcement Learning

I. INTRODUCTION

Face-to-Back (F2B) integration is limited by TSV area
penalties [1] and MIV manufacturing constraints [2], [3]. Face-
to-Face (F2F) stacking has emerged as a promising alternative.
Utilizing hybrid bonding (HB) for direct metal-to-metal con-
nections (Fig. 1(a)), this approach offers fine-pitch capabilities
and high yield [4]. HB facilitates high-density heterogeneous
integration, as demonstrated in recent research [5] and com-
mercial applications [6]–[8].

Most 3D flows [9]–[11] treat terminals as vias, overlooking
the disparity between large HB (1–10 µm) [12] and fine metal
pitches (e.g., 0.064 µm [13]). This mismatch causes overlaps,
necessitating legalization to align terminals to a valid grid [14].

Previous works [14]–[16] formulate legalization as weighted
bipartite matching. While the Hungarian algorithm guarantees
optimality, its complexity is prohibitive for large designs.
Heuristics like sliding windows [14] and clustering [16] re-
duce complexity but remain inefficient due to exhaustive,
indiscriminate scanning (Fig. 1(b)). We propose an RL-based
approach that adaptively selects subregions for targeted re-
finement (Fig. 1(c)). Initialized from a greedy solution, our
agent employs a mask-based vision network and Proximal
Policy Optimization (PPO) [17] to prioritize high-potential
windows. By modeling window selection as a Markov Deci-
sion Process (MDP), our framework eliminates unnecessary
computations and demonstrates strong generalization to unseen
designs without fine-tuning. Ultimately, this approach achieves
zero overlaps with substantial runtime efficiency improvements.
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Fig. 1: (a) F2F 3D IC stacking with HB. (b) SlidingWin-
dow [14] and (c) proposed RL method. Blue grid markers
indicate legal candidate sites, while yellow dots denote ideal
positions. Brown shaded regions mark the current optimization
window; light brown areas indicate scanned regions.

II. PRELIMINARIES

Hybrid bonding (HB) enables fine-pitch (sub-10µm) connec-
tions but requires strict alignment to a predefined grid [18].
However, upstream routers typically generate ideal positions
that violate these pitch constraints [15], [16], necessitating
legalization. Formally, let P = {pi}ni=1 be the set of ideal
HBT positions and C = {cj}mj=1 be the set of legal candidate
sites (m ≥ n). The legalization problem is formulated as
a minimum weight bipartite matching problem, seeking an
injective mapping f : P → C that minimizes total Manhattan
displacement:

min
f

∑n

i=1
|pi − f(pi)|1. (1)

The Hungarian algorithm [19] solves Eq. (1) optimally. How-
ever, its time complexity of O(|P|2|C|) is prohibitive for large-
scale high-density HB, requiring more efficient approaches.

III. METHODOLOGY

In this section, we introduce the proposed HBT legalization
method, an iterative optimization method based on RL, which
comprises two steps: (1) a greedy legalization strategy for
efficiently generating a fully legal initial solution, and (2) an
RL-based framework to iteratively refine the initial solution,
where the RL policy is trained to identify the most promising
window to minimize displacement. The algorithmic overview
is presented in Algorithm 1.



Algorithm 1 Iterative Refinement Method
Input: Ideal HBT positions P , Candidate grid sites C, Edge
weights E, Budget T , Trained policy πθ

Output: Refined assignment fT : P → C
1: Initialize t← 0;
2: Initialize f0 ← Greedy(P, C, E); ▷ Greedy initialization
3: while t < T do
4: Compute the visual representation of state st;
5: at ← argmaxπθ(· | st);

▷ Select the current most potential bin by the policy
6: Define window Wt centered at at;
7: Pt ← {p ∈ P | ft(p) ∈ Wt ∨ p ∈ Wt};

▷ Extract subset of HBTs
8: Ct ← {c ∈ C | c ∈ Wt ∨ f−1

t (c) ∈ Wt};
▷ Extract subset of legal grid sites

9: Et(pi, cj)← ∥pi − cj∥1, ∀pi ∈ Pt, ∀cj ∈ Ct;
▷ Define new edge weights

10: ft+1 ← Merge(ft, Hungarian(Pt, Ct, Et)) ;
▷ Locally refine ft by the Hungarian algorithm

11: t← t+ 1

12: return fT

A. Initialization: Greedy Legalization

We employ a linear-time greedy strategy to generate a valid
initial solution. By using a hash table for constant-time lookup,
each HBT is sequentially assigned to the nearest available
candidate grid site based on Manhattan distance. Note that
we did not illustrate this process in Fig. 1(c). This efficiently
provides a collision-free baseline for subsequent refinement.

B. Iterative Refinement via RL

To improve the greedy solution, we formulate window selec-
tion as an MDP. Unlike exhaustive methods [14], [16], our RL
agent adaptively identifies subregions with the highest potential
for displacement reduction.
State. We discretize the layout into d×d bins (d <

√
m). State

st encodes three components: (1) current discretized layout,
(2) optimization history, (3) estimated improvement potential.
These features characterize assignment ft and guide the agent.
Action. Step t, the agent selects a bin at, which determines the
center of the local refinement window Wt.
Transition. For window Wt, a local subproblem (Pt, Ct, Et)
containing relevant HBTs/candidates is constructed and opti-
mally solved via the Hungarian algorithm to yield ft+1.
Reward. Defined as scaled displacement reduction: Rt = 100 ·
(disp(ft)− disp(ft+1)), encouraging minimization.

C. Training and Inference

The policy πθ is trained via PPO [17] to maximize long-term
returns. To ensure generalization, we adopt a two-stage training
strategy on synthetic designs with realistic clustering: (1) pre-
training on 3,200 small-scale instances (100 HBTs), followed
by (2) fine-tuning on large-scale instances (10k HBTs). This
curriculum enables the model to achieve zero-shot generaliza-
tion to unseen industrial designs without additional retraining.

IV. EXPERIMENTS

We evaluate the proposed framework on three RTL designs
from OpenROAD-flow-scripts [20] (implemented in Nangate
45nm) and one industrial 3D IC design (DES A). The flow
incorporates a state-of-the-art true-3D placer [21] for initial
layout generation, followed by our legalization and full-flow
routing evaluation using Open3DBench [22].

TABLE I: Comparison of Disp. (Displacement, 103µm), Dev.
(Deviation, % of Disp. above Hungarian), WL (wirelength, in
106µm), and convergence time (not single-pass) (in s).

Design Pitch Hungarian SlidingWindow [14] Ours
WL Disp. WL Disp. Dev. Time WL Disp. Dev. Time

ariane
133

3µm 4.4431 10.18 4.4517 10.31 1.25% 2528.8 4.4517 10.22 0.39% 61.65
5µm 4.4722 24.88 4.4722 24.97 0.35% 1743.3 4.4722 24.88 0.00% 92.57
7µm 4.5542 74.55 4.5542 75.37 1.10% 659.5 4.5542 74.55 0.00% 259.40

bp
3µm 7.9619 10.98 7.9729 11.07 0.88% 2821.0 7.9732 10.98 0.00% 111.76
5µm 8.0065 33.73 8.0065 33.81 0.23% 1356.5 8.0068 33.73 0.00% 174.13
7µm 8.0899 88.86 8.0899 89.78 1.03% 624.8 8.0903 88.86 0.00% 259.24

swerv
wrapper

3µm 3.5568 8.08 3.5622 8.14 0.82% 2709.2 3.5622 8.10 0.25% 50.30
5µm 3.7194 103.49 3.7194 110.24 6.52% 1762.3 3.7221 103.49 0.00% 428.19
7µm 4.3996 451.58 4.3996 532.54 17.93% 609.8 4.3997 453.52 0.43% 406.69

DES_A \ \ 383.727 \ 385.388 0.43% 5938.59 \ 384.427 0.18% 147.69

- Pitch and HPWL for design DES A are omitted due to confidentiality.

We compare against SlidingWindow [14] and the Hungarian
bound [19] (see Table I). Our method yields near-optimal
performance with an average deviation of 0.13%, significantly
outperforming SlidingWindow, which registers an average de-
viation of 3.05% and a maximum deviation of 17.93% across
all test cases. Its adaptive nature resolves high-density conflicts
in industrial designs that stall baselines. Robustness is validated
across 3 µm–7 µm pitches. As scarce sites intensify contention,
SlidingWindow degrades, whereas ours remains stable. Post-
routing analysis confirms negligible PPA deviation (with <1%
variance in timing and power) from the baseline.

A key advantage is runtime efficiency. Our approach exhibits
superior efficiency over SlidingWindow, delivering a 40.2× ac-
celeration in practical industrial settings. Moreover, the learned
policy demonstrates strong zero-shot generalization, handling
unseen designs effectively without fine-tuning.

V. CONCLUSION

We proposed an RL-driven HBT legalization framework
that replaces fixed sliding windows with adaptive subregion
selection. This approach eliminates overlaps and minimizes
displacement while achieving substantial runtime savings and
zero-shot generalization. Future work will explore dynamic
window sizing to further enhance efficiency and robustness in
high-density scenarios.
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