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Abstract- The rapid advancement of integrated circuits has led to designs containing hundreds of billions of
transistors. Additional months of effort are required for physical design even with advanced Automated Design
Tools. This paper assesses the gap closing potential of reinforcement learning, especially as implemented by
DeepMind’s proposed AlphaChip, and presents the theory of RL-based design, analyzes the architecture of
AlphaChip and Edge-based Graph Neural Networks, evaluates deployment results for several generations of
Google’s TPUs, and analyzes the results within the scope of Al-based EDA tools by Synopsys, Cadence, and academia.
Finally, the limitations are evaluated, and within the next decade, an Agentic EDA, where fully autonomous Agents
optimize the entire physical design flow, is proposed. Based on the scope of today’s technology, we state the true
value of AlphaChip design is the ability to perform a task that, to this point, could solely be done with the aid of a
computer, in a manner that can partially be taught.
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functional elements within a silicon die, is an NP-
hard optimization problem.

I. INTRODUCTION

In 1971, Intel's 4004 was the first microprocessor
sold to the public. It had 2300 transistors built on a
10 micrometer process. 50 years later, NVIDIA's
Blackwell B200 GPU has 208 billion transistors built
on a 4 nanometer process. That is almost 9 orders of
magnitude difference. Still, the number of engineers
designing chips has not increased to that extent. This
productivity gap is a pressing structural problem in
electrical engineering. Currently, it lacks any formal
solution, however, research on reinforcement
learning (RL) has started to change that.

As aresult, of all the factors discussed above, the use
of RL has proven to be truly revolutionary. Rather
than fixing human expertise into rigid rules, an RL
agent, learns from placing and interacting within a
simulated design environment, the optimal
arrangement of circuit components for efficiency of
power, computation, and silicon real estate. Google
DeepMind's AlphaChip is the first of its kind to
accomplish large-scale, commercially-sustainable
deployment of advanced artificial intelligence in the
physical design of application-specific integrated
circuits (ASICs). AlphaChip is the first commercially
deployed application of advanced artificial
intelligence in the physical design of application-
specific integrated circuits (ASICs) that has been
systematically documented in an academic

For decades, Electronic Design Automation (EDA)
tools and algorithms helped close the gap between
productivity and engineering requirements based on
a thorough understanding of electrical engineering.
Classical methods could encode dozens of expert

design heuristics and guide placement or timing
closure. Recently, design frameworks and
architectures have become stacked into three-
dimensional arrangements, making the search space
for EDA exponentially larger. EDA's most critical step,
floorplanning, which defines the arrangement of

publication.

This paper is organized as follows. In Section Il, the
challenges posed by the physical design pipeline are
discussed, with a focus on the unique challenges
posed by floorplanning. In Section I, the technical
architecture of AlphaChip is described. Production
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deployment results are described in Section IV. In
Section V, the EDA (Electronic Design Automation)
landscape is described. In Section VI, limitations are
addressed with a focus on the current state of
electronic design automation. In Section VII, an
Agentic EDA framework is described. Section VIII
contains the conclusion.

Il. WHY CHIP PHYSICAL DESIGN IS
DIFFICULT

A. The Physical Design Pipeline

The journey from a high-level architectural
specification to a manufacturable silicon layout
proceeds through a tightly coupled sequence of
stages. Logic design translates behavioural
descriptions into gate-level netlists. Synthesis maps
these netlists onto the standard cells of a target
process node. Physical design then governs
everything from that point forward: floorplanning,
placement, clock-tree synthesis, routing, parasitic
extraction, and sign-off verification. Each stage feeds
the next, and a suboptimal decision at any one of
them can invalidate work already completed
downstream—triggering re-spins that, at advanced
nodes, can exceed USD 50 million per occurrence.

B. The NP-Hard Floorplanning Problem

The physical design of application-specific
integrated circuits involves a series of tightly coupled
or interdependent processes that begin with the
conversion of a high-level functional specification to
a design representation at the level of logic gates.
Subsequent processes include the design of the
integrated circuit at the physical level using a
specified technology, and a series of progressively
final operations to prepare the design for fabrication.
Suboptimal decisions at any of the stages can
produce undesirable effects on all dependent
processes, resulting in costly redesigns that can
exceed USD 50 million at advanced technology
nodes.

Formally, floorplanning is one of the NP-hard
optimization problems because of the large number
of macro blocks, the possible arrangements grow
super-exponentially. A modern Al accelerator has
hundreds of macros. Even the most advanced

deterministic solvers cannot manage to explore this
space, and the hand-designed heuristics, which are
the basis for the majority of current EDA, also leave
the edge of performance unreachable. This is the
case where learned optimization is useful. Unlike a
traditional ~ enumeration  of  solutions, a
reinforcement learning agent learns a policy to place
macros in a way that significantly improves the
solution with respect to the specific context of the
design.

lll. ALPHACHIP: TECHNICAL
ARCHITECTURE

A. Reformulating
Decision Problem
The central idea of AlphaChip, presented by
Mirhoseini et al. in their paper in Nature in 2021, is
that integrated circuit floorplanning can be looked at
as a Markov Decision Process and phrased as a
problem of Deep reinforcement learning [2]. Here,
the environment is the free space of the chip,
represented as a discrete grid. Here, the agent of the
reinforcement learning process has the freedom to
choose the position to place a macro block. After
which, the agent is given a layout quality score,
which is also a reinforcement of a positive nature.
The agent's aim is to learn such a policy to place the
macro blocks, which minimizes the number of
placements of all the macro blocks, thus achieving
the maximum score. The agent's aim is to place the
blocks in such a way as to satisfy the design
constraints of the integrated circuit.

Chip Design as a Sequential

B. Edge-Based Graph Neural Network

The most important novel work of AlphaChip is its
edge-based Graph Neural Network (GNN) for netlist
representation [2]. A semiconductor netlist can be
termed a graph, as blocks of a circuit are nodes and
edges are connections between them. Previous
works resorted to representing netlists in the form of
images or simple feature vectors, thus discarding
structural information completely. The edge-based
GNN of AlphaChip incorporates node features (block
type, block area, and block aspect ratio) and edge
features (connectivity weight and signal criticality)
giving the model the ability to learn structure and
relationships of the chip.
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The GNN generates embeddings that effectively
generalize across many chip designs. After a pre-
training run on many representative chip netlists, the
model gets some design intuition, meaning it learns
principles of chip design that help it tackle other chip
designs that the model has never seen before,
without any additional training effort. The design
transfer property is what makes AlphaChip actually
useful; millions of training runs for completely new
designs is not required. The most useful training run
is very expensive computationally, but the cost is
spread across many new designs.

C. PPA Reward Function

The reward function AlphaChip optimizes is a
differentiable. AlphaChip's reward function is a
differentiable approximation of a subset of the PPA
metrics, which is evaluated after the agent completes
a placement. It diminishes longer wires (which
increases power and performance loss and worsen
plural of congested routes) and routing congestion
(which  worsens the risk of not being
manufacturable). They enforce an implicit layout
density constraint. PPA's multi-objective nature
means that to solve the problem and get a layout,
the agent must learn to trade off competing
objectives, Pareto-optimal layouts, which is a
property that a lot of modern EDA tools struggle to
do within a reasonable design turnaround time.

IV. PRODUCTION DEPLOYMENT AND
EMPIRICAL RESULTS

A. Google TPU Design Series

Since 2020, AlphaChip has been used in the physical
design of all generations of Google's Tensor
Processing Units. The 2024 Nature Addendum gives
the most detail to the public on this deployment,
especially with regard to TPU v5e, TPU v5p, and
Trillium (TPU v6), the chip driving Google’s Gemini to
perform large scale, real time Al LLM operations.
Between each generation of TPU, AlphaChip proved
to have increasing quality. The Trillium chip saved
33% more energy compared to prior generations of
TPUs. Al-based physical design played a large part in
this improvement.

Additionally, AlphaChip was used to design Google’s
Axion, a general purpose, data center CPU, based on
Arm architecture. This shows that the general
approach is applicable to commercial, general
purpose server chips, and not just Al accelerators,
which is very important commercially.

B. Industry Adoption: MediaTek

The most notable use of AlphaChip outside of
Google is at MediaTek, one of the top three largest,
fabless chip companies in the world. MediaTek used
AlphaChip’s methodology on their most advanced
mobile, SoC designs and reported improvements in
PPA and physical design lead time. This is the first
confirmed use of RL-based floorplanning, outside of
Google, in a commercially-funded research project
at a large semiconductor design company, and is
thus an important validation of the research.

C. Summary of Production Results

TABLE |
AlphaChip Production Deployment Results (2020—
2025)
Chip/ Platform | Year Key Al-Assisted Outcome
Google TPU v5e 2023 Layouts that compete with humans;
RL for macro placement
Relative to v5e, significantly more
Google TPU v5p 2023 | blocks being placed with increasing
advantage.
- 67% reduction in power
Google Trillium 2024 | previous gen; Al layout
(TPU v6) ;
production
. First  deployment of Arm-
Google Axion 2024 | architecture; cross-domain
CPU (Arm) -
generalisation
MediaTek 2024— | First major commercial outside
Advanced SoC 25 adoption with PPA gains

V. THE BROADER Al-EDA LANDSCAPE

A. Commercial EDA Vendors

AlphaChip did not emerge in isolation. The major
EDA AlphaChip did not develop in a vacuum. The
major players in EDA—Cadence and Synopsys, which
in 2024 held over 60% of EDA software market
share—are also developing Al-assisted design tools.
At Synopsys, DSO.ai (now Synopsys.ai) implements
RL to optimize RTL and perform PPA analysis. In
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January 2025, Synopsys launched a fully
autonomous design tool. The Cerebrus system at
Cadence implements RL-based optimization at
multiple levels and routings of design. Cadence also
noted 40% annual revenue growth attributed to Al-
accelerated design for 2024.

The financial implications are significant. The Al EDA
market was first reported in 2026 with a market size
of $4.27 billion and a projected size of $15.85 billion
in 2032, corresponding to an estimated growth of
24.4% annually. The advances in design automation
at the cutting edges of fabrication design indicated
that the implementation of Al in design is no longer
an area of research, but a competitive necessity.

B. Academic Research Frontier

Outside of production, AlphaChip's impact on
design automation is wide and easily observed in
academic literature. RL, as implemented by
AlphaChip, has extended to a variety of design
automation problems. GRANNITE, a design
automation tool from NVIDIA based on GNNs, has
been validated against EDA tools. The TILOS Al
Institute published an early 2025 paper in the IEEE
Transactions on Computer-Aided Design that
established the state of the art of RL for macro
placement, using AlphaChip as the primary
comparison point.

It is good that not all studies are uncritically positive.
AlphaChip replication studies show that its
performance edge can be eroded by the selection of
the pre-training method, the number of training
iterations, and the amount of compute resources
used. Benchmarks that do not incorporate pre-
training—one of the characteristic elements of the
method—fail to yield the gains. This is not a critique
of the method; instead, it shows that RL-based chip
design, like operational deep learning, requires
engineering rigor and hyperparameters.

VI. LIMITATIONS AND OPEN
PROBLEMS

A. Computational Cost of Training
Undoubtedly, the biggest challenge for RL-based
chip design is the cost associated with training and

pre-training. AlphaChip’s pre-training phase requires
a massive amount of distributed GPU compute over
a various set of chip netlists. This is feasible for
companies like Google and MediaTek, which are at
the cutting edge of chip design and have large
compute resources. For smaller fabless companies,
academic research groups, and design teams in
developing semiconductor ecosystems, reproducing
this infrastructure is a major challenge. While the
planned open-sourcing of AlphaChip's code and a
pre-trained checkpoint in 2024 mitigates part of the
problem, considerable resources are still required to
fine-tune AlphaChip on proprietary designs.

B. Concentration in Floorplanning

AlphaChip’s strength in production is primarily in
macro placement and floorplanning. Designing the
rest of the physical chip encompasses several other
complex and challenging steps, each with their own
set of problems. While the work to extend RL to
other steps of the physical design process is in its
infancy, there has been much more research
focusing on floorplanning. There is a long way to go
to achieve an automated physical design process
that is fully autonomous.

C. Generalisation Across Process Nodes

A floorplanning policy that is developed for one
process node does not easily apply to other nodes.
In TSMC's N3P compared to N2 nodes for example,
design rules that affect routing layers, stackable vias,
or manufacturing tolerances will differ significantly.
Generalizing across nodes will rely on the use of
transfer learning that has not fully been
implemented at the scale of production, or will need
full retraining. Being able to apply Al design
technologies on a much broader scale is currently an
active area of research, and considering the current
limitations, is an impediment to the Al-native design.

D. The Continuing Necessity of Human Judgment
AlphaChip focuses on one part of a larger
manufacturing process. Human engineers specify
design intent, sign off on verification, and conduct
test fabrication to optimize the process for
manufacturing yield. Given the nature of high-stakes
systems, there is a need for human discretion at the
edge of the engineering design. The limitations
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described will not be exclusive to AlphaChip. Having
no way to reason novel failure modes, an Al system
that is trained using historical layouts will not be able
to address situations of when new manufacturing
processes will be used, or of how the design will be
used in the field.

VIl. AGENTIC EDA: A FRAMEWORK FOR
THE NEXT DECADE

Although today's capabilities may be limited, there is
potential for semiconductor design in the following
decade to have fully autonomous design systems
that will allow agents to completely optimize the
design of semiconductor systems, all housed within
a single environment. We will refer to this as Agentic
EDA. With the inventiveness of engineers, these
systems can be integrated and built upon existing,
proven technologies.

A. Core Components and Unified Reward

Agentic EDA involves several key aspects of physical
design, such as floorplanning, placement, and
routing. Each aspect is handled by a RL agent, and
higher-level orchestration is performed by a likely
design domain expert LLM, which can express design
intents as constraints and tradeoffs while use
solution conflicts.

A design phase RL agent in this system is primarily
optimized by the centralized reward in the system.
Judging the impact of a solution fully across phases
is critical. For example, routing in a congested
manner is a “bad” solution, even if it is the best in the
routing phase. This approach is similar to the
powerful heuristic of AlphaGo; training in a particular
phase does not help the RL agent, whereas an
assessment of the “goal” of the design does help the
agent.

B. Implications for Electrical Engineering Practice
The visualization of Agentic EDA changes the role of
the electrical engineer. Instead of using skills to
design placement algorithms, the role has changed
to defining design constraints and reviewing the
trade-off decisions made by the autonomous Al
agents, while ensuring the design captures the

interaction of the design constraints with domain
factors of uncertainty.

Modern automation of assembly language via
compilers inspired the current school of thought.
Some thought the automation of assembly language
finished low-level programming. Instead, it
established two new areas. The first, the creation of
compilers. The second, the development of
applications operating at a higher level. Agentic EDA
will probably create a similar split: ‘Al chip design
engineers' who build and develop design
automation, and 'system architects' who create the
boundaries and requirements within which these
systems operate and maximize.

ViIl. CONCLUSION

This paper has followed the evolution of
reinforcement learning and its application to the
self-directed design of semiconductors and
illustrated this development from the abstraction of
chip design via the floorplan as a Markov Decision
Process to the production and deployment of
AlphaChip over five generations of Google silicon
and its commercialization at MediaTek. We have
described the technical details of AlphaChip, the
edge-based GNN that captured circuit design, the
multi-dimensional PPA reward that aligned the
incentives of the agent with the PAs of the design
and engineering, and the pre-training that enabled
design automation across multiple families. We have
also described the constraints: the cost of training,
the concentration on floorplanning, the challenge of
cross-node generalization, and the need for final
approval from a human.

Progress in this field is exponential. The Al EDA
market is projected to grow almost four times by
2026 and 2032. Each of the major EDA vendors have
incorporated RL-based optimizations into their
commercial offerings. The academic frontier is
deploying RL into phases that, only five years ago,
were deemed impenetrable to learned methods.
Countries across the globe are focused on
developing semiconductor design as part of their
national industrial policy, which creates a greater
need for more advanced design techniques.
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AlphaChip's significance is more than creating chip
layouts quicker than humans, or that it shows
significant wire length reductions. AlphaChip's
significance is that in a production environment, it
shows that part of the of the tightly constrained,
complex engineering discipline of semiconductor
physical design can be learned. After assembly
automation with compilers and circuit automation
with EDA, design automation is being realized with
reinforcement learning. The next layer of abstraction
in semiconductor design won't be a tool based on
human heuristics. It will be a learned policy from
silicon, guided by humans with the end result being
a real physical device.
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