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Abstract—Chiplet-based architectures require efficient
through-silicon via (TSV) assignment to optimize interconnect
performance and system integration. Unlike traditional 3-D
integrated circuits, heterogeneous chiplet systems demand
coordination across dies with varying sizes and functionalities,
creating exponentially complex solution spaces that challenge
existing optimization methods. This article introduces knowledge-
unified attention neural network (KuanNet), a multiagent
reinforcement learning (RL) framework integrating echo
state networks (ESNs) with attention mechanisms for chiplet
TSV assignment. The key innovation is a knowledge-unified
architecture with temporal-static decomposition: temporal
features shared across agents are processed through both
ESN reservoirs and skip connections, while static features
remain agent-private, enabling coordinated decisions with
temporal memory and spatial awareness. Building on multiagent
deep deterministic policy gradient (MADDPG) with K-head
attention critics, KuanNet demonstrates superior optimization
performance over the state-of-the-art baseline across standard
benchmark circuits of varying scale and complexity. Ablation
studies validate individual component contributions of the
KuanNet architecture.

Index Terms—Attention mechanism, chiplet design, echo state
network (ESN), heterogeneous integration, multiagent reinforce-
ment learning (RL), placement optimization, through-silicon via
(TSV), TSV assignment.

I. INTRODUCTION

THE semiconductor industry’s transition to chiplet-based
architectures represents one of the most significant

paradigm shifts in integrated circuit design since the advent
of system-on-chip (SoC) integration. Major products, includ-
ing AMD’s MI300 series accelerators, Intel’s Ponte Vecchio
GPUs, and NVIDIA’s GB200 Grace Blackwell Superchip,
have demonstrated that disaggregated multidie designs can
achieve superior performance, yield, and cost-effectiveness
compared to monolithic alternatives [1], [2], [3]. Central to
these architectures are through-silicon vias (TSVs), which
provide vertical interconnections enabling efficient connec-
tions between heterogeneous dies in advanced packaging
technologies [4], [5]. However, TSV placement optimization
directly determines key design metrics including interconnect
performance, routing efficiency, thermal distribution, and sig-
nal integrity—making it a critical bottleneck in chiplet design
flows.
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While TSV assignment has been extensively studied for
3-D integrated circuits (3-D ICs) using classical optimization
techniques such as simulated annealing [6], genetic algorithms
[7], and thermal-aware heuristics [8], chiplet systems introduce
fundamentally different challenges. Unlike vertically stacked
homogeneous 3-D ICs where all dies share identical layouts
and TSVs connect corresponding locations across layers,
chiplet architectures feature: 1) heterogeneous dies with vastly
different sizes, functionalities, and layouts on the same tier;
2) lateral die-to-die connections requiring complex horizontal
routing through interposers or bridges; and 3) asymmetric
TSV assignment patterns where different dies may require
different numbers and placements of vertical interconnects.
These characteristics create a significantly larger and more
complex optimization space that challenges traditional opti-
mization methods’ assumptions of structural regularity.

Reinforcement learning (RL) offers a promising alternative,
with recent successes in electronic design automation [9],
[10], [11] showing that deep RL methods [12], [13] can
learn effective heuristics from environment interaction. ATT-
TA [14] pioneered multiagent RL for 3-D IC TSV assignment,
but existing approaches face critical limitations for chiplet
systems: 1) lack of coordination mechanisms across hetero-
geneous dies, as existing methods target homogeneous 3-D
ICs exclusively and produce locally optimal but globally
suboptimal placements; and 2) inability to capture temporal
optimization dynamics—placement quality depends on trajec-
tory history, which standard feedforward networks discard.

This article introduces knowledge-unified attention neural
network (KuanNet), a multiagent RL framework address-
ing these challenges through three innovations. Chiplet
designs induce combinatorial complexity from heterogeneous
integration—we address this with attention-based multiagent
deep deterministic policy gradient (MADDPG) [15], [16], [17]
with K-head attention critics, where each interface operates as
an independent agent under centralized training and decentral-
ized execution. Multiagent cooperation in iterative placement
demands trajectory awareness; we integrate ESN reservoirs
[18], [19], [20] that maintain optimization history at a fraction
of long short-term memory (LSTM) [21] computational cost.
Finally, effective decentralized execution requires preserving
each agent’s spatial locality; our knowledge-unified architec-
ture with temporal-static decomposition selectively shares
temporal features (wirelength evolution and cost trajectories)
across agents for coordination while keeping spatial features
agent-private (detailed in Section III).

A. Contributions

By building a multiagent RL framework tailored to
chiplet-based TSV assignment, integrating attention-based
coordination, temporal trajectory modeling via reservoir
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computing, and spatial-aware information decomposition, we
make the following contributions.

1) First Chiplet-Specific RL Framework: We present the
first multiagent RL approach designed for chiplet
heterogeneous systems, addressing heterogeneous die
placement, lateral connections, and coordination com-
plexity through attention-based MADDPG [15], [16]
with K-head critics, together with a refined action space
tailored for discrete TSV candidate selection at chiplet
interfaces.

2) Knowledge-Unified Architecture: We introduce a dual-
pathway architecture with temporal-static decomposi-
tion, where temporal features (shared across agents)
are processed through both ESN reservoirs and skip
connections, while static features (agent-private) are pro-
cessed directly. This is the first work to systematically
decompose and selectively share state information in
multiagent RL for semiconductor design.

3) Expanded Action Space: A composite action space com-
bining neighboring positions with randomly selected
distant empty spaces, balancing local refinement
with global exploration across heterogeneous chiplet
configurations.

Experiments on MCNC [22], [23] and GSRC [24] bench-
marks demonstrate significant wirelength reduction over
ATT-TA [14] on 3D ICs, with consistent improvements across
both homogeneous (3-tier, 4-tier) and heterogeneous chiplet
configurations. Ablation studies validate individual component
contributions across benchmark sizes from ami33 to n300.

B. Article Organization

The remainder of this article is organized as follows.
Section II provides background on multiagent RL and echo
state networks (ESNs), then formalizes the chiplet TSV
assignment problem and establishes the optimization objec-
tives. Section III presents the KuanNet architecture, including
the knowledge-unified dual-pathway design, ESN integration,
and attention-based coordination mechanisms. Section IV
describes the experimental setup, presents baseline comparison
and ablation studies across MCNC and GSRC benchmarks,
and discusses architectural insights. Section V offers conclud-
ing remarks.

II. BACKGROUND AND PROBLEM FORMULATION

We map TSV assignment to a multiagent decision process
before delving into algorithmic choices. Each interchiplet
interface becomes an independent agent, creating a natural
MARL formulation where agent observations mix global
placement progress (e.g., wirelength trajectory) with local
geometry and context. Joint actions consist of simultaneous
TSV relocations across all interfaces, environment transitions
correspond to floorplan updates via placement engines, and
rewards measure instantaneous wirelength reduction. This for-
mulation clarifies why MADDPG with centralized critics (for
coordination) and decentralized actors (for scalable deploy-
ment) is well-suited for chiplet TSV assignment, and motivates
the ESN-based temporal modeling that follows.

A. Multiagent RL

Multiagent RL extends single-agent RL to scenarios where
multiple agents interact in a shared environment. We formu-
late the problem as a multiagent Markov decision process
(MA-MDP).

An MA-MDP for N agents is defined by the tuple
〈S, {Oi}, {Ai}, T , {Ri}, γ〉, where S is the global state space,
Oi and Ai are the observation and action spaces for agent i,
T is the state transition function, Ri is the reward function
for agent i, and γ is the discount factor. We adopt MADDPG
[15], which extends DDPG [16] to multiagent settings using
centralized training with decentralized execution (CTDE):
each agent learns a deterministic actor πi using only local
observations and a centralized critic Qi with access to global
state and all actions. Target networks are soft-updated as
θ′ ← τθ + (1 − τ)θ′ with τ � 1.

B. Echo State Networks

ESNs [18], [19], [20] provide an efficient approach to tem-
poral sequence modeling for RL applications. ESNs belong to
the reservoir computing paradigm and offer a computationally
efficient alternative to traditional recurrent neural networks
(RNNs) such as LSTM [21] or GRU [25]. Unlike these
architectures, ESNs decouple temporal feature extraction from
gradient-based learning by using a fixed, randomly initialized
reservoir, eliminating the need for backpropagation through
time (BPTT).

The ESN architecture consists of an input layer, a recurrent
reservoir layer, and a trainable readout layer. The reservoir
dynamics are given by

ht = tanh
�
Winxt + Wresht−1 + b

�
(1)

yt = Wout
�
ht; xt� (2)

where xt is the input, ht is the reservoir state, and yt is
the output. Crucially, Win (input weights), Wres (reservoir
weights), and b (bias) are randomly initialized once and never
updated, and tanh(·) is the activation function with output
range [−1, 1]. Only the readout layer Wout is trained. The
concatenation [ht; xt] in (2) represents a skip connection where
the original input bypasses the reservoir and is directly fed to
the readout layer, enabling the network to learn both direct
input–output mappings and complex temporal dynamics.

The spectral radius ρ(Wres) = maxi |λi(Wres)| controls
memory retention. A larger spectral radius (closer to 1.0)
enables longer memory retention, while smaller values cause
faster forgetting. Values are typically scaled to 0.9–0.99 to
ensure the echo state property—a condition guaranteeing that
the reservoir state asymptotically depends only on the input
history, not on initial conditions.

For additional temporal control, we employ leaky
integration

ht = (1 − α) ht−1 + α tanh
�
Winxt + Wresht−1 + b

�
(3)

where α ∈ (0, 1] is the leaky rate controlling the balance
between retaining previous state and incorporating new activa-
tions. When α = 1, this reduces to the standard ESN; smaller
values (0.1–0.3) produce slower dynamics suited for long-term
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dependencies, while larger values (0.7–1.0) yield faster, more
responsive updates. The leaky rate provides complementary
control to spectral radius: while spectral radius affects infor-
mation propagation through recurrent connections, the leaky
rate controls how quickly the reservoir responds to new inputs.

Advantages for RL: The key motivation for choosing ESNs
over trainable RNNs is their fixed reservoir weights, which
allow ESN modules to be plugged into any RL architecture
with minimal changes to the training pipeline. This yields
several practical advantages as follows.

1) No BPTT: Since reservoir weights are fixed, gradi-
ents only flowthrough the readout layer, eliminating
vanishing/exploding gradient problems and significantly
improving training stability. Unlike LSTM [21] and
GRU [25], which require BPTT to learn gating, ESN’s
echo state property [18] provides rich temporal features
without gradient-based temporal learning—critical in
off-policy RL where single-step replay [26] prevents
meaningful BPTT.

2) Simple Replay Buffer Integration: We store reservoir
states ht

i with experience transitions (st
i, a

t
i, r

t
i , s

t+1
i ,ht

i).
During minibatch sampling, stored reservoir states can
be directly used without recomputing temporal trajec-
tories, enabling efficient off-policy learning. Because
reservoir dynamics are invariant, stored states remain
valid across training—unlike trainable RNNs, which
suffer from stale state mismatch as weights evolve.
Sequence replay with burn-in [27] mitigates this but adds
complexity impractical for multiagent shared buffers.

3) Parameter Efficiency: ESN’s reservoir consists of fixed,
randomly initialized weights with only a linear readout
layer trained, whereas LSTM and GRU require all recur-
rent gate parameters to be learned. For equivalent hidden
dimensions, this yields 4−6× fewer trainable parameters
in the temporal layer alone, accelerating learning and
reducing overfitting risk.

C. TSV Assignment Problem Formulation

The TSV assignment problem is formalized below—placing
TSVs to connect electrical nets spanning multiple dies while
satisfying connectivity and placement constraints to optimize
design objectives.

1) Mathematical Formulation: We formulate the TSV
assignment problem in terms of electrical nets crossing chiplet
interfaces. Consider a chiplet system with N interchiplet
interfaces and a set of electrical nets N = {n1, n2, . . . , nJ}

where each net n j may have terminals distributed across
multiple dies. For each interface i ∈ {1, . . . ,N}, let Ni ⊆ N
denote the subset of nets that cross interface i (i.e., nets
with terminals on both dies connected by interface i). Given
Li candidate TSV locations Li = {`1, `2, . . . , `Li } at interface
i, the goal is to assign TSV locations to nets. While in
practice some nets (e.g., power/ground, high-current signals)
may require multiple TSVs per interface for redundancy or
current capacity, we simplify the formulation by assigning
exactly one TSV per net per interface, which is standard for
most signal nets and enables tractable optimization. For nets

requiring redundant TSVs, each additional TSV constitutes a
separate assignment decision within the same agent’s action
sequence—scalability is linear in TSV count, not exponential.
The multiagent framework naturally accommodates variable
TSV counts per interface without architectural changes to
KuanNet.

Let Ai ∈ {0, 1}|Ni |×Li denote the assignment matrix for
interface i, where Ai, j,k = 1 if net n j ∈ Ni is assigned a TSV at
location `k at interface i, and Ai, j,k = 0 otherwise. Note that a
single net may cross multiple interfaces and thus require TSV
assignments at each interface it traverses. In particular, nets
connecting nonadjacent dies traverse intermediate interfaces
as pass-throughs, requiring TSV assignments at each interme-
diate interface and contributing horizontal routing distance on
intermediate dies to connect successive TSV locations. The
problem is subject to the following constraints:

LiX
k=1

Ai, j,k = 1 ∀ j ∈ Ni ∀i ∈ {1, . . . ,N} (4)X
j∈Ni

Ai, j,k 6 1 ∀k ∈ {1, . . . , Li} ∀i ∈ {1, . . . ,N} (5)

where (4) ensures each net n j crossing an interface is assigned
exactly one TSV location at that interface, and (5) prevents
multiple nets from being assigned to the same TSV location
`k at the same interface.

2) Objective Functions: While TSV assignment optimiza-
tion can be formulated as a multiobjective problem incor-
porating metrics such as wirelength, signal integrity, thermal
distribution, and routing congestion, multiobjective approaches
require manually tuning weights among objectives—a process
that is problem-dependent and lacks principled guidelines for
weight selection [28]. Moreover, different weight configura-
tions can lead to vastly different Pareto-optimal solutions,
making fair performance comparison across methods diffi-
cult. To enable direct, reproducible evaluation and avoid the
confounding effects of subjective weight tuning, this article
focuses on wirelength minimization as the primary optimiza-
tion objective. Wirelength serves as a fundamental metric for
interconnect quality and directly impacts both performance
(latency) and power consumption.

Wirelength Objective: The total wirelength is the sum of
routing distances across all nets and all interfaces

fwire (A1, . . . ,AN) =

NX
i=1

X
j∈Ni

d j,i (Ai) (6)

where N is the number of interfaces (one between each
adjacent die pair), Ni is the subset of nets crossing interface
i, and d j,i(Ai) is the routing distance contribution for net n j at
interface i under TSV assignment Ai. For each net n j at each
interface i, the routing distance d j,i includes as follows.

1) Horizontal Routing Within Each Die: Minimum span-
ning tree (MST) is used to connect all terminals of n j

on each die adjacent to interface i.
2) Vertical TSV Connections: TSV routing distance at inter-

face i if n j crosses this interface (i.e., when n j ∈ Ni).
The outer sum over interfaces

PN
i=1 aggregates contributions

across all die-to-die interfaces, while the inner sum
P

j∈Ni
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Fig. 1. MST for TSV routing distance computation showing 35 TSV locations
connected via MST structure (red edges) to minimize total wirelength.

totals the wirelength over nets crossing each interface. In
practice, we use MST heuristics to compute d j,i for each net-
interface pair, as illustrated in Fig. 1.

3) Challenges in Chiplet TSV Assignment: Existing opti-
mization approaches for chiplet TSV assignment face several
fundamental challenges as follows.

1) Computational Complexity: The TSV assignment prob-
lem is combinatorially complex, with solution space
growing exponentially with the number of nets and
interfaces. This combinatorial explosion makes exhaus-
tive search intractable for realistic problem sizes with
hundreds of nets and multiple chiplet interfaces.

2) Coordination: TSV placement decisions are interdepen-
dent, requiring coordinated optimization across multiple
dies and layers.

3) Scalability: Solution quality degrades rapidly with
increasing system size and number of chiplets.

4) Temporal Dynamics: Although the target is a static
placement, the optimization process exhibits temporal
structure as follows.

a) Path dependence: Each TSV perturbation alters
the wirelength landscape for subsequent decisions,
requiring trajectory-aware strategy adaptation.

b) Self-modifying environment: Agents reduce place-
ment disorder over time, shifting from exploratory
to conservative regimes indistinguishable from
single-step observations alone.

c) MARL nonstationarity [17]: Other agents’ evolving
policies continuously shift each agent’s perceived
dynamics, necessitating temporal memory for
implicit coordination.

These challenges motivate our multiagent RL approach,
which can naturally handle temporal dynamics and

coordination between multiple decision variables through
learned policies.

III. PROPOSED KUANNET FRAMEWORK

The KuanNet framework is designed from the ground up
around the physical characteristics of chiplet TSV assignment.
Each architectural choice maps to a specific design char-
acteristic: the multiagent decomposition mirrors the natural
partitioning of die interfaces, each with distinct spatial con-
straints and module densities; the observation space encodes
physical layout features such as net lengths, empty space
distributions, and connectivity patterns; and the knowledge-
unified architecture integrates spatial awareness with temporal
reasoning, enabling agents to adapt strategies based on both
where they are on the die and how the optimization has
progressed.

A. Multiagent RL Framework for TSV Assignment

Our approach models the TSV assignment problem as an
MA-MDP where each interchiplet interface requiring TSV
connectivity is modeled as an autonomous agent that selects
optimal TSV placements from available locations within
the chiplet. This formulation enables decentralized decision-
making while maintaining global coordination through shared
environmental feedback.

This multiagent formulation is necessitated by the combi-
natorial structure of the problem and provides four advantages
specific to chiplet TSV assignment as follows.

1) Action Space Tractability: A single-agent controlling all
N interfaces faces a joint action space growing as |A|N ,
whereas multiagent decomposition reduces this to N
independent agents each with |Ai|.

2) Per-Interface Specialization: Heterogeneous chiplet
architectures feature dies with varying sizes, mod-
ule densities, and connectivity patterns. Each agent
develops die-specific policies attuned to its local
characteristics—for instance, a dense compute die
requires different TSV relocation strategies than a sparse
I/O die.

3) Per-Agent Credit Attribution: The centralized critic
decomposes the global objective into per-agent contribu-
tions, enabling each agent to learn how its local actions
affect overall solution quality.

4) Natural Scalability: Varying chiplet counts are accom-
modated without retraining, as each new interface simply
adds an agent with the same architecture while the
attention critic dynamically adjusts its heads.

1) Agent Formulation: Each TSV agent i is defined by the
tuple 〈Oi,Ai,Ri, πi〉 where the following aspects include.

Observation Space Oi: Following the CTDE paradigm, each
agent’s actor observes a combination of temporal and static
features at time t:

ot
i =

�
st

T ; st
i,S

�
(7)

where st
T represents sharable temporal features tracking opti-

mization progress (cost trajectories, episode progress), and st
i,S

denotes agent-specific static features (spatial position). The
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TABLE I
STATE FEATURES FOR RL FRAMEWORK

detailed feature composition is presented in Table I, which
categorizes features by their temporal nature and shareability
across agents.

Table I presents a comprehensive overview of the state
features used in our RL framework for TSV assignment
optimization. The features are carefully designed to capture
both temporal dynamics and spatial characteristics essential for
effective decision-making. We categorize features into tempo-
ral and nontemporal types, where temporal features (marked
with X) track the evolution of optimization metrics over time,
including cost trajectories (current cost c(s), best achieved
cost c?, average cost c̄, and average cost since best c̄?)
and episode progress. These temporal features provide agents
with a high-level, bird’s-eye view of the optimization process,
enabling proactive rather than reactive placement strategies.
Nontemporal features (marked with ) capture spatial and
structural properties.

Feature sharing across agents’ actors is determined by the
nature of the information: global metrics like best achieved
cost and average cost are sharable to facilitate coordination,
while agent-specific observations, such as sampled neighbor
costs and local perturbation information, can remain private to
maintain decentralized execution. All cost-based features are
normalized following the approach in ATT-TA [14] to enable
fair comparison with the baseline. This feature set enables
agents to balance immediate local optimization decisions with
long-term global objectives while maintaining computational
efficiency through selective information sharing.

Fig. 2. Illustration of the action space design for TSV assignment. The
action space consists of the current TSV location (center),

ˇ̌
Anb

i

ˇ̌
neighboring

positions (8-connected neighborhood shown), and
ˇ̌
Aes

i

ˇ̌
randomly selected

locations from distant empty spaces to encourage exploration. The neigh-
borhood size and distant candidate count are tunable; sensitivity analysis is
provided in Section IV.

Action Space Ai: The action space for each TSV assignment
consists of multiple candidate locations designed to balance
local refinement with global exploration. Let A0

i denote the
current TSV location. The action space is defined as

Ai = A0
i ∪Anb

i ∪Aes
i (8)

where A0
i is the current TSV location (enabling the agent

to maintain its existing placement if optimal), Anb
i repre-

sents the neighborhood candidates for local perturbation, and
Aes

i denotes randomly selected locations from other available
empty spaces on the same chiplet for global exploration.
As illustrated in Fig. 2, this design provides |Ai| = 1 +
|Anb

i | + |Aes
i | total candidate locations. Random locations are

independently sampled at each step, ensuring diverse coverage
of the solution space while maintaining a tractable action set.
The default values (|Anb

i | = 8, |Aes
i | = 3) were determined via

sensitivity analysis (see Section IV).
Reward Function Ri: Following our focus on wirelength

optimization (see Section II), we employ a direct reward signal
based on the raw change in total wirelength without additional
normalization or penalty terms. Since our framework adopts a
collaborative multiagent paradigm, all agents receive the same
shared reward based on the global optimization objective. The
reward for each agent i at timestep t is defined as

rt
i = −

�
Wt −Wt−1� = Wt−1 −Wt (9)

where Wt represents the global design wirelength after the
action at timestep t, and Wt−1 is the wirelength before
the action. A positive reward indicates wirelength reduction
(improvement), while a negative reward represents wirelength
increase (degradation). Unlike ATT-TA [14], which incorpo-
rates adversarial reward shaping with hand-crafted penalties to
discourage inefficient exploration, our approach relies solely
on the raw wirelength change signal, enabling unbiased mul-
tiagent coordination.
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Fig. 3. KuanNet multiagent architecture with knowledge-unified processing.
Each agent maintains an actor–critic pair with ESN+MLP dual-pathway
input layers. The attention mechanism (zoomed-in view) processes all agents’
actions for coordination.

2) Coordination Mechanisms: To address the coordination
challenges inherent in multiagent TSV assignment, we imple-
ment several mechanisms as follows.

CTDE: Each agent i maintains its own actor πi and critic Qi.
During training, each agent’s actor receives shared temporal
features st

T and its own private static features st
i,S , while

its critic has access to all agents’ temporal features, static
features, and actions, enabling better value estimation. During
deployment, agents execute their policies independently using
only their observations, ensuring scalability.

Selective Information Sharing: Temporal features tracking
optimization progress (cost trajectories and episode metrics)
can be selectively shared among agents’ actors to facilitate
coordination. This sharing is configurable, enabling ablation
studies to evaluate the impact of different information sharing
strategies on multiagent cooperation and final performance.

Shared Experience Replay: Critical experiences that lead to
significant improvements in global objectives are shared across
all agents to accelerate learning.

B. Algorithm Architecture

Our KuanNet framework integrates ESNs (see Section II)
with attention MADDPG (ATT-MADDPG) to enable effective
coordination and temporal reasoning for TSV assignment. The
framework follows the CTDE paradigm while introducing
a novel knowledge-unified architecture with selective tempo-
ral information sharing: temporal features (e.g., wirelength
evolution, optimization trajectories) can be shared among
agents and processed through both ESN reservoir and direct
skip connections, while static features (e.g., spatial positions
and connectivity structure) remain private and are processed
directly. All three components—ESN reservoir state, temporal

Fig. 4. Knowledge-unified neural network architecture showing the hybrid
processing pathway. Temporal features connect to the ESN reservoir via
curved pathways (visualized from the left) while also providing skip connec-
tions directly to the readout layer. The ESN reservoir state, temporal features,
and static features are unified through concatenation before the final readout
transformation.

skip features, and static features—are unified through concate-
nation before the readout layer. This knowledge unification
enables agents to leverage complementary information: tem-
poral memory from ESN, original temporal patterns from
skip connections, and spatial structure from static features.
Fig. 3 illustrates the overall architecture of our attention-
based MARL framework with knowledge-unified temporal
information sharing.

1) Knowledge-Unified Architecture With Temporal Informa-
tion Sharing: Information Decomposition: Each agent’s state
observation st

i is decomposed into two components as follows.
1) Temporal Features st

i,T : Time-varying features includ-
ing wirelength evolution, optimization trajectory, and
temporal TSV assignment patterns. This information is
sharable among agents to enable coordinated temporal
reasoning through ESN processing.

2) Static Features st
i,S : Spatial positions, connectivity struc-

ture, and current assignment state. This information
remains private to each agent and is processed directly.

Fig. 4 illustrates this knowledge-unified architecture, show-
ing the three parallel processing streams—ESN reservoir,
temporal skip connection, and static pathway—unified through
concatenation before the readout layer.

2) Actor Network Formulation: For each agent i, the actor
network processes temporal features (sharable across agents)
through ESN and static features (private) directly, following
the knowledge unification architecture:

st
T =

SN
i=1st

i,T (10)

hπ,ti = tanh
�
Wπ

inst
T + Wπ

resh
π,t−1
i

�
(11)

at
i = πi

�
uπ,ti ; θπi

�
= πi

��
hπ,ti ; st

T ; st
i,S

�
; θπi
�

(12)

where st
T takes the union of each agent’s temporal feature set,

forming a fixed-dimension vector where overlapping features
are not duplicated, tracking optimization progress metrics (cost
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trajectories, episode progress, improvement indicators)—the
specific sharing configuration is adjustable, allowing agents to
receive either their own temporal features, aggregated features
from all agents, or selectively shared subsets depending on
the experimental configuration; Wπ

in and Wπ
res are randomly

initialized, fixed matrices for the ESN reservoir (never trained);
[·; ·] denotes concatenation, and θπi represents the trainable
actor readout parameters. The knowledge unification produces
the actor unified representation uπ,ti = [hπ,ti ; st

T ; st
i,S ] by concate-

nating three components: ESN reservoir state hπ,ti (capturing
temporal memory and nonlinear dynamics), temporal skip fea-
tures st

T (preserving original time-varying patterns), and static
features st

i,S (maintaining spatial and structural information).
The ESN reservoir processes sharable temporal features to
enable coordinated temporal dynamics with fixed weights,
while the direct pathways preserve complementary information
for decentralized execution.

3) Critic Network Formulation: The critic network follows
the same knowledge unification architecture, processing each
agent’s state-action information individually. For agent i’s
critic, the representation of each agent j ∈ {1, . . . ,N} is
computed as

hQ,t
i, j = tanh

�
WQ

in

�
st

j,T ; at
j

�
+ WQ

resh
Q,t−1
i, j

�
(13)

uQ,t
i, j =

h
hQ,t

i, j ; st
j,T ; st

j,S

i
(14)

where each agent j’s temporal features and action are pro-
cessed through agent i’s critic ESN reservoir with fixed
random weights (WQ

in, WQ
res), and the knowledge-unified rep-

resentations uQ,t
i, j concatenate ESN reservoir state, temporal

skip features, and static features. The unified representations
{uQ,t

i,1 ,u
Q,t
i,2 , . . . ,u

Q,t
i,N } serve as input to the attention mechanism.

Following ATT-MADDPG’s architecture [17], the critic
uses a K-head attention mechanism to model the dynamic joint
policy of teammates. For agent i, the critic first generates K
action-conditional Q value heads, where each head k represents
a potential coordination pattern

Qk
i

�
s, ai; θ

Q,k
i

�
= fk

�h
uQ,t

i,i ; ai

i
; θQ,k

i

�
, k ∈ {1, . . . ,K} (15)

where fk(·; θQ,k
i ) is a feedforward neural network for head k

producing an embedding Qk
i ∈ R

dk instead of a scalar value,
and uQ,t

i,i is agent i’s own knowledge-unified representation
from (14).

A hidden vector zt
i is computed from teammates’

knowledge-unified representations to capture the joint policy
information

zt
i = g

�h
uQ,t

i,1 ; . . . ; uQ,t
i,i−1; uQ,t

i,i+1; . . . ; uQ,t
i,N

i
; θQ,g

i

�
(16)

where g(·; θQ,g
i ) is a feedforward neural network that encodes

all teammates’ representations (excluding agent i’s own
representation).

4) K-Head Attention Mechanism: Following ATT-
MADDPG [17], the K-head attention mechanism computes
scaled dot-product attention weights over the K Q value
heads using the teammates’ hidden vector zt

i [29]

αk
i = softmax

 �
zt

i

�T Qk
i

√
dk

!
(17)

where dk is the dimension of Q value head vectors. The
1/
√

dk scaling factor (absent in original ATT-MADDPG [17])
prevents gradient instability. The final Q value is the attention-
weighted sum passed through an output network h(·; θQ,h

i )

Qi

�
s, a; θQ

i

�
= h

 
KX

k=1

αk
i · Q

k
i ; θQ,h

i

!
. (18)

5) Training and Backpropagation: The KuanNet frame-
work follows the standard MADDPG training procedure with
centralized training and decentralized execution. The training
process alternates between critic updates using temporal dif-
ference (TD) learning and actor updates using deterministic
policy gradients.

a) Critic loss and backpropagation: For each agent i, the
critic network is trained to minimize the TD error. The critic
loss is computed as

L
�
θQ

i

�
= E(s,a,r,s′)

��
Qi

�
s, a; θQ

i

�
− yi

�2
�

(19)

where the TD target yi is computed using target networks

yi = ri + γQ′i
�

s′, a′; θQ′
i

�
(20)

with a′ = [π′1(uπ,t+1
1 ; θπ

′

1 ), . . . , π′N(uπ,t+1
N ; θπ

′

N )] being the target
actions from next-state representations.

b) Actor policy gradient: Each actor network is updated
to maximize the expected return by following the deterministic
policy gradient. The actor’s objective for agent i is

J
�
θπi
�

= Es

�
Qi

�
s, a; θQ

i

� ˇ̌̌
ai=πi(uπ,ti ;θπi )

�
. (21)

The policy gradient is computed by backpropagating
through the critic to the actor

∇θπi J = Es

�
∇θπi πi

�
uπ,ti ; θπi

�
· ∇ai Qi

�
s, a; θQ

i

� ˇ̌̌
ai=πi(uπ,ti ;θπi )

�
.

(22)
In both critic and actor updates, only the readout layers

(output MLPs, K-head attention parameters) receive gradient
updates. The ESN reservoir weights (Win, Wres) remain fixed
throughout training, leveraging the Echo State Property as
a rich temporal feature extractor while eliminating vanish-
ing/exploding gradient issues common in trained RNNs. Target
networks are soft-updated as

θQ′
i ← τθQ

i + (1 − τ) θQ′
i (23)

θπ
′

i ← τθπi + (1 − τ) θπ
′

i (24)

with τ � 1 to stabilize training.
Algorithm 1 provides a complete specification of the Kuan-

Net training procedure, integrating the key innovations of our
approach: knowledge-unified architecture with temporal-static
feature decomposition, fixed ESN reservoirs for efficient tem-
poral modeling, and K-head attention-enhanced CTDE. The
algorithm explicitly shows how ESN reservoir weights remain
fixed throughout training (line 7), how temporal information is
shared among agents while static features remain private (lines
16-17), and how the K-head attention mechanism models
teammates’ joint policy during critic updates (line 24).
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Algorithm 1 KuanNet: Knowledge-Unified Attention Network
for Chiplet Design TSV Assignment

IV. EXPERIMENTAL EVALUATION

This section presents a comprehensive experimental eval-
uation of the proposed KuanNet framework for chiplet
TSV assignment optimization. We first describe our imple-
mentation and experimental configuration, then evaluate
KuanNet through baseline comparison against ATT-TA, abla-
tion studies isolating key architectural components (ESN
integration, temporal modeling, and information sharing), and

sensitivity analysis of the action space design. Experiments
span industry-standard MCNC and GSRC benchmarks across
both homogeneous 3-D IC and heterogeneous chiplet configu-
rations, with wirelength reduction as the primary optimization
metric.

A. Implementation and Experimental Setup

1) System Architecture: The implementation decouples the
RL optimization engine from the physical design environment:
the environment exposes a standard step/reset interface
that computes placement cost from the current TSV configu-
ration, while the agents interact solely through observations,
actions, and scalar rewards. This separation allows new opti-
mization objectives—thermal, congestion, signal integrity—to
be incorporated by extending the environment’s reward com-
putation without modifying the agent architecture or training
pipeline. The multiagent framework scales linearly with inter-
face count: each die boundary is an independent agent instance
sharing the same network architecture, so adding dies or
assigning multiple TSVs per net requires only instantiating
additional agents.

2) Multiagent Environment: The chiplet TSV assignment
environment provides multiagent coordination capabilities as
follows.

State Representation: Each agent receives spatial position
information, wirelength metrics for current placement, local
neighborhood information, and historical assignment decisions
(via ESN memory).

Action Processing: Actions are processed through conflict
resolution for simultaneous assignments, constraint checking
for spatial and electrical feasibility, and wirelength calculation
based on Manhattan distance.

Reward Computation: Rewards are computed based on
wirelength changes as defined in (9), providing agents with
direct feedback on placement quality without additional nor-
malization or penalty terms.

TSV Initialization: All experiments use a greedy centroid-
based workflow that places each TSV at the closest valid
empty grid location to its net’s pin centroid, falling back to
random placement when no greedy position is available. This
provides a consistent initial environment W0 shared across all
methods.

B. Experimental Configuration

1) Platform and Software: Experiments are conducted on
multiple Apple Mac mini units (M4 chip, 16 GB unified mem-
ory) using PyTorch with metal performance shaders (MPS)
backend, Python 3.12, Hydra [30] for configuration manage-
ment, and [31] for model design and training guidelines.

2) Training Hyperparameters: Table II summarizes the
key hyperparameters used for training KuanNet. Parameters
marked with † are shared with the ATT-TA baseline for fair
comparison, while KuanNet-specific parameters like ESN con-
figuration reflect our architectural innovations. These values
were selected based on preliminary experiments and held fixed
across all benchmarks.
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TABLE II
TRAINING HYPERPARAMETERS FOR KUANNET

3) Benchmarks and Experimental Configurations: We eval-
uate our approach using industry-standard MCNC [22], [23]
(ami33 with 33 blocks and ami49 with 49 blocks) and GSRC
[24] (n100, n200, and n300) benchmarks across two architec-
tural scenarios. For 3-D IC architectures with homogeneous
stacking (3-tier and 4-tier configurations), we compare Kuan-
Net against the ATT-TA baseline. For heterogeneous Chiplet
architectures featuring a horizontally split top layer (resulting
in 4 and 5 total chiplets for 3-tier and 4-tier base con-
figurations, respectively), we conduct KuanNet-only ablation
studies to isolate the contributions of our architectural innova-
tions. In total, this yields 20 benchmark-design configurations
(5 benchmarks ×4 designs). Input floorplans are generated
using FlexPlanner [32], a RL-based 3-D floorplanner that
produces block-to-die partitioning and within-die placement
for each benchmark configuration. Notably, these benchmarks
differ by an order of magnitude in die dimensions (under
400 µm for GSRC versus several thousand for MCNC); we
intentionally do not normalize across benchmark families,
directly testing algorithmic generalization across diverse spa-
tial scales.

4) Evaluation Metrics: We evaluate algorithm performance
using the percentage wirelength reduction ∆W%, which nor-
malizes across benchmarks of different scales

∆W% =
∆W

W0
× 100 =

W0 −W
?

W0
× 100 (25)

where W0 is the total wirelength of the initial greedy TSV
placement and W? is the total wirelength after optimization.
Higher ∆W% indicates greater optimization. We also report
the final optimized wirelength W? and initial wirelength W0
where applicable.

Each configuration is evaluated across multiple independent
training runs with different random seeds. We report the best
test performance per configuration, assessed using an average
rank methodology: for each (dataset, design) pair, variants
are ranked by ∆W%; ranks are then averaged across all
pairs to produce a single scalar, where a lower rank indicates
better performance. KuanNet ablation studies use 20 ranking

TABLE III
KUANNET VERSUS ATT-TA WIRELENGTH ON 3-D IC BENCHMARKS

(W0 , ∆W, ∆W%, W? IN ×103 µM)

pairs (5 datasets ×4 designs), while ATT-TA comparisons
use ten pairs (5 datasets ×2 3-D IC designs). This ranking
approach provides robustness against scale differences across
benchmarks and prevents individual outliers from dominating
the comparison.

C. Algorithm Comparison Results

We present experimental results in five parts: First, we
compare KuanNet against the state-of-the-art ATT-TA baseline
on 3-D IC benchmarks to establish competitive performance
on standard homogeneous stacking configurations. Second,
we conduct ablation studies on both 3-D IC and hetero-
geneous chiplet architectures to isolate the contributions of
ESN integration across actor and critic networks. Third,
we compare ESN against alternative temporal architectures,
including LSTM, GRU, state history concatenation, and expo-
nential moving average (EMA) to validate our choice of
reservoir computing. Fourth, we analyze the impact of different
information-sharing configurations between agents to validate
our knowledge-unified architecture design. Fifth, we perform
action space sensitivity analysis on neighborhood size and dis-
tant candidate count. Together, these results demonstrate that
KuanNet achieves substantial wirelength reduction improve-
ments while maintaining architectural flexibility across diverse
chiplet configurations.

1) Comparison of KuanNet and ATT-TA on 3-D IC Bench-
marks: Table III compares KuanNet against the ATT-TA
baseline on homogeneous 3-D IC configurations (3-tier and
4-tier stacking) across all five benchmarks. Both algorithms
use identical RL training hyperparameters (see Table II) and
reward function (9) for fair comparison.

KuanNet substantially outperforms ATT-TA across all
benchmarks. On 3-tier 3-D ICs, KuanNet achieves 20.7 −
−223.5× larger wirelength reductions, averaging 76×. For
4-tier configurations, gains range from 12.6× to 266.4×,
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TABLE IV

IMPACT OF NETWORK ARCHITECTURE ON KUANNET
(∆W%, W? IN ×103 µM)

averaging 82×. These results validate our architectural inno-
vations: ESN-based temporal processing and K-head attention
provide superior multiagent coordination compared to ATT-
TA’s feedforward networks. Notably, while ATT-TA employs
attention mechanisms, its lack of temporal memory and
reliance on reward shaping penalties encourage local greedy
improvements rather than global coordination, limiting scala-
bility to complex multichiplet configurations.

2) Impact of ESN on KuanNet Performance: Table IV
demonstrates the performance impact of incorporating ESNs
into the KuanNet framework. This ablation systematically
isolates ESN contributions: FC uses standard fully connected
networks; A-ESN and C-ESN employ ESN in actor or critic
only; both use ESN in both networks; only Full implements
complete ESN-based temporal sharing among agents.

The full configuration with complete ESN-based knowl-
edge sharing achieves the best performance across most
benchmarks. Against the FC baseline, Full delivers sub-
stantial improvements on 3-tier ami33 and 4-tier chiplet
ami33. Intermediate configurations (A-ESN, C-ESN, Both)

TABLE V

COMPARISON OF VARIOUS TEMPORAL ARCHITECTURES
(∆W%, W? IN ×103 µM)

show mixed results, with some benchmarks improving while
others degrade. Notably, the both configuration (ESN in both
networks but no interagent sharing) sometimes underperforms
FC, indicating that ESN requires coordinated temporal infor-
mation sharing to be effective. These findings validate our core
principle: ESN-based temporal memory provides benefits only
when combined with the complete knowledge-unified sharing
mechanism.

3) Temporal Architecture Ablation: Table V compares ESN
against alternative temporal models: LSTM, GRU, state history
concatenation (K = 10), and EMA (α = 0.3). All models use
full interagent collaboration and share the same MADDPG
training pipeline with single-step state updates (no BPTT).
ESN uses 4×–6× fewer trainable parameters in the temporal
layer, since its reservoir is fixed and randomly initialized while
only a linear readout is trained—unlike LSTM and GRU,
which require learning all recurrent gate weights.
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ESN achieves the best overall average rank (1.50) across
all four design configurations, with LSTM as a competitive
second (2.05). ESN’s advantage is most pronounced on 3-tier
configurations (average rank 1.0 for both 3-D IC and chiplets),
while on 4-tier designs LSTM ties ESN on 3-D IC (both 1.8)
and surpasses ESN on chiplets (1.4 versus 2.2), suggesting that
the increased optimization complexity of additional tiers pro-
vides richer per-step learning signals that partially compensate
for the lack of BPTT. Simpler temporal approaches—EMA
(3.85) and state history concatenation (4.20)—consistently
trail, confirming that effective temporal modeling requires
structured recurrent processing rather than simple aggregation
of past states. While sequence-based BPTT training is possible
in off-policy RL, it requires additional infrastructure (stored
trajectories, truncated BPTT windows, and careful sequence
sampling); ESN sidesteps this entirely as a drop-in temporal
module requiring no changes to the training pipeline or replay
buffer.

4) Impact of Information Sharing Configurations: A critical
design decision in multiagent RL is determining what infor-
mation should be shared between agents and how it should
be processed. Our architecture provides flexible configuration
options for information sharing, enabling systematic ablation
studies to understand the contribution of different sharing
strategies. We investigate sharing configurations across two
dimensions: 1) which temporal features are shared between
actors and 2) how shared information is processed (ESN
pathway, skip connection, or both).

The KuanNet architecture supports four information-sharing
configurations as follows.

FC (Fully Connected): Both actors and critics use standard
feedforward networks without ESN-based temporal sharing.
Coordination relies on attention mechanisms during central-
ized training.

A-ESN (Actor ESN Sharing): Actors share temporal features
through ESN reservoirs: hπ,ti = tanh(Wπ

inst
T + Wπ

resh
π,t−1
i ),

with output at
i = πi([hπ,ti ; st

T ; st
i,S ]; θπi ). Critics remain fully

connected.
C-ESN (Critic ESN Sharing): Critics share temporal fea-

tures via ESN while actors use fully connected networks.
This configuration explores whether temporal memory benefits
centralized value estimation.

Full (Complete ESN Sharing): Both actors and crit-
ics employ ESN-based temporal sharing as described in
Section III, providing comprehensive temporal coordination
across all network components.

Table VI presents the performance of different information
sharing configurations across our benchmark suite. The results
reveal important insights about the interplay between architec-
ture design, problem characteristics, and information-sharing
strategies.

The sharing configuration results demonstrate that opti-
mal strategies are architecture-dependent. For both 3-tier and
4-tier 3-D ICs, Full achieves the best performance across
all benchmarks. Heterogeneous chiplet configurations exhibit
more complex patterns: 4-tier chiplets consistently favor Full
sharing with dramatic improvements, while 3-tier chiplets
show variable optimal strategies across benchmarks. These

TABLE VI

ROLE OF INTERAGENT INFORMATION SHARING (∆W%, W? IN ×103 µM)

results reveal that homogeneous 3-D IC architectures benefit
from balanced actor–critic coordination, whereas heteroge-
neous chiplet topologies require the full knowledge-unified
architecture for complex interchiplet dependencies.

5) Action Space Sensitivity Analysis: Tables VII and VIII
present one-at-a-time sensitivity sweeps of the two action
space parameters. Table VII varies the neighborhood size |Anb

i |

from 4 to 48 while fixing distant candidates at 3. Table VIII
sweeps distant candidates from 1 to 9 with |Anb

i | = 8 fixed.
The 8-neighborhood achieves the best overall rank (1.45), con-
sistently outperforming both smaller neighborhoods that lack
diagonal coverage and larger ones where the expanded action
space and observation input dimension (see Table I) increase
training complexity without proportional benefit. Distant can-
didate count is robust, with 3 candidates achieving the best
overall rank (1.20) and diminishing returns beyond 3–5. The
optimal combination may depend on network hyperparameters
and chiplet design complexity; we determine these values via a
two-stage sweep (neighborhood first, then distant candidates)
and report a well-rounded configuration across our benchmark
suite.
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TABLE VII

NEIGHBORHOOD SIZE |ANB
i | ABLATION STUDY (∆W%, W? IN ×103 µM)

D. Discussion

Our experiments reveal key insights about the knowledge-
unified ESN architecture for multiagent TSV optimization.
We first analyze the large performance gap with ATT-TA,
then examine how ESN’s fixed reservoir provides temporal
memory without BPTT overhead, why sharing strategies must
adapt to physical design structure, how CTDE enables scalable
coordination, and finally outline directions for future work.

1) Performance Gap Analysis With ATT-TA: The large
performance gap between KuanNet and ATT-TA (see Table III)
reflects fundamental architectural differences rather than
incomplete convergence. Three factors contribute: 1) ATT-
TA’s adversarial reward shaping with hand-crafted penalty
terms encourages local greedy descent, trapping agents in
local optima—an effect amplified in heterogeneous chiplet
environments with complex optimization landscapes; 2) ATT-
TA implements its policy with feedforward networks that
discard observation history, despite its theoretical foundation
ATT-MADDPG [17] explicitly requiring history-dependent
reasoning; and 3) ATT-TA’s action space is restricted to
binary accept/reject decisions within a small perturbation
radius, whereas KuanNet’s action space (8) includes both

TABLE VIII

EMPTY SPACE ACTIONS |AES
i | ABLATION STUDY (∆W%, W? IN ×103 µM)

local neighborhood and randomly sampled distant locations
for global exploration.

2) ESN Temporal Memory Benefits: Fixed ESN reservoirs
provide computational efficiency while capturing temporal
dependencies in wirelength evolution. The temporal-static fea-
ture decomposition enables effective coordination—temporal
features provide global optimization context through sharing,
while static features preserve agent-specific spatial informa-
tion. However, ESN benefits emerge only when combined with
complete interagent sharing; partial ESN integration without
the full knowledge-unified architecture fails to consistently
improve performance.

3) Off-Policy Training Compatibility: All temporal models
use single-step hidden state updates in the replay buffer
following the DRQN approach [26], without BPTT. While
R2D2 [27] proposes sequence replay as an improvement, this
adds complexity impractical for multiagent shared replay. This
regime inherently favors ESN: its fixed reservoir provides
stable temporal features without BPTT, whereas LSTM [21]
and GRU [25] cannot leverage learned gating without temporal
gradient flow.
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More broadly, beyond ATT-MADDPG [17], ESN reser-
voirs can be integrated into other cooperative multiagent RL
frameworks not originally designed for recurrent temporal
processing, with minimal pipeline changes and overhead.
Since ESN weights are fixed and only the readout layer is
trained, adding an ESN module requires no modifications to
the existing training loop, loss functions, or replay buffer
structure. This makes ESN a practical drop-in temporal mod-
ule for any feedforward-based multiagent architecture where
history-dependent reasoning could benefit coordination, with-
out introducing the complexity of BPTT or sequence-based
replay.

4) Architecture-Dependent Sharing Strategies: Homoge-
neous 3-D IC configurations show consistent improvements
with Full sharing across benchmarks, while heterogeneous
chiplet topologies exhibit more complex patterns. When
computational resources are constrained, prioritizing critic-
side ESN sharing (C-ESN) often provides stronger gains
than actor-only sharing, aligning with the CTDE paradigm
where centralized value estimation benefits from rich tem-
poral information. This performance asymmetry between
homogeneous and heterogeneous configurations confirms that
architectural choices respond to physical design structure:
uniform die stacks benefit uniformly from shared temporal
context, whereas chiplet assemblies with varying die sizes
and module densities require more nuanced sharing strate-
gies to avoid conflating distinct spatial characteristics across
dissimilar interfaces. Notably, agents sharing the same neural
network architecture produce distinct optimization trajectories
when assigned to chiplets of different complexity—agents on
intricate, densely packed chiplets converge more slowly and
face harder early-stage adjustments than agents on simpler
chiplets. ESN’s temporal memory encodes these trajectory
differences (convergence rate, reward trends, and optimization
phase), enabling each agent to adapt its policy to the difficulty
of its assigned chiplet without requiring separate network
configurations.

5) Multiagent Coordination: The CTDE paradigm suc-
cessfully addresses TSV optimization challenges by enabling
global coordination during training while maintaining scal-
able decentralized execution. Temporal feature sharing among
agents enables coordinated wirelength optimization with-
out explicit communication during deployment. The K-head
attention mechanism in centralized critics effectively aggre-
gates multiagent information, allowing agents to learn which
teammates’ actions are most relevant for coordination.

6) Scalability: KuanNet maintains consistent performance
across benchmarks spanning diverse scales—from small
MCNC circuits (ami33 and ami49) to larger GSRC designs
(n100–n300)—despite order-of-magnitude differences in die
dimensions and net counts, demonstrating that the multiagent
coordination framework generalizes across problem sizes with-
out architecture or hyperparameter changes.

7) Opportunities for Future Work: Several promising direc-
tions build on the current framework as follows.

a) Multiobjective Optimization: The reward function nat-
urally extends to rt = w1 · ∆W + w2 · ∆Tmax +
· · · to incorporate thermal, congestion, and signal

integrity objectives. ESN’s temporal features are par-
ticularly suited for these metrics, as changes to one
net’s TSV placement affect thermal distribution and
routing congestion in neighboring areas both within and
across dies—cascading effects that unfold over sequen-
tial moves and benefit from temporal memory.

b) Industrial-Scale Validation: The multiagent architecture
scales linearly with interface count, providing a founda-
tion for designs with thousands of nets and proprietary
chiplet configurations.

c) Transfer Learning: Pretraining on diverse chiplet layouts
and fine-tuning on target configurations could substan-
tially reduce per-design training cost, enabling rapid
deployment across chiplet families.

V. CONCLUSION

This article presents KuanNet, a multiagent RL frame-
work for chiplet TSV assignment that addresses the unique
challenges of heterogeneous die integration. Our key innova-
tion is a knowledge-unified architecture with temporal-static
decomposition, where ESNs provide temporal memory for
optimization trajectory learning while maintaining compu-
tational efficiency through fixed reservoir weights. The
dual-pathway design—processing temporal features through
both ESN reservoirs and skip connections while keeping
static features agent-private—enables coordinated decisions
with spatial awareness. Building on MADDPG with K-head
attention critics, this architecture achieves effective multiagent
coordination as policies evolve during training.

Experimental results demonstrate substantial wirelength
reduction over the state-of-the-art ATT-TA baseline across
MCNC and GSRC benchmarks. Ablation studies validate indi-
vidual contributions of ESN integration, temporal architecture
choice, and information sharing strategies across benchmark
sizes from ami33 to n300 on both homogeneous 3-D IC and
heterogeneous chiplet configurations. These results establish
the viability of reservoir computing-enhanced multiagent RL
for semiconductor design optimization.
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