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Abstract—With the increasing complexity and capacity of
modern Field-Programmable Gate Arrays (FPGAs), there is
a growing demand for efficient FPGA computer-aided design
(CAD) tools, particularly in the placement stage. While some
previous works, such as RLPlace, have explored the efficacy
of single-state Reinforcement Learning (RL) to optimize FPGA
placement by framing it as a multi-armed bandit (MAB) prob-
lem, numerous Al techniques remain unexplored due to the
outstanding engineering challenges to integrate them into the
FPGA CAD flow which is based on C++. In this paper, we
present VPR-Gym, a Python environment built on OpenAI Gym,
that allows seamless integration with various machine learning
libraries including PyTorch, TensorFlow, and Nevergrad while
enabling the comparison between different AI techniques for
FPGA placement. Moreover, we introduce a learning objective
that reformulates the FPGA placement task as an optimization
problem, thereby expanding the range of Al techniques that can
be investigated beyond those for MAB problems. To showcase the
capabilities of our platform, we conduct experiments comparing
the performance of various MAB algorithms and evolution
strategy (ES) algorithms. Our findings demonstrate that the
ES approaches exhibit superior performance over the existing
MAB approaches, highlighting the effectiveness of VPR-Gym in
facilitating AI research to enhance FPGA placement.

Index Terms—Reinforcement Learning, FPGA, Placement,
VPR, OpenAl Gym

I. INTRODUCTION

The increasing capacity and architectural complexity of
modern Field-Programmable Gate Arrays (FPGAs) have led to
a growing demand for efficient FPGA computer-aided design
(CAD) tools. Among the various stages in the CAD flow,
placement is the most time-consuming, while its outcome
significantly impacts the runtime of the subsequent routing
stage [1]]. Improving the runtime of simulated annealing (SA)
is vital for enhancing the overall efficiency of traditional FPGA
CAD tools during the placement phase, given that SA accounts
for a significant portion of the runtime in this stage [2].

Some researchers reformulate SA into a multi-armed bandit
(MAB) problem [3]-[5], allowing the annealer to schedule
directed moves [6] or choose block types rather than ran-
domly swapping blocks, which can significantly improve the
runtime without sacrificing Quality of Result (QoR). However,
a wide variety of other Al techniques remain unexplored due
to the difficulty to directly integrate them into the FPGA
CAD flow based on C++, creating a significant obstacle for
Al researchers who seek to contribute to the field without
specialized knowledge in FPGA CAD.

To reduce the entry barrier, we propose and develop VPR-
Gym, a Python environment built on top of the OpenAl Gym
framework for SA-based FPGA placement. Our platform en-
ables seamless integration with several Python-based machine
learning libraries, including PyTorch [7], TensorFlow [8]], and
Nevergrad [9]], which allows researchers to focus on high-level
algorithm design and reduces the engineering efforts required
for transplanting ML libraries from Python to C++.

Moreover, our research introduces a learning objective that
formulates the FPGA placement task into an optimization
problem, expanding the range of Al techniques that can
be explored beyond algorithms for the MAB problem. To
demonstrate the capability of our platform, we conducted
experiments on VPR-Gym, comparing the performance of
various MAB algorithms as well as different algorithms that
belong to evolution strategy (ES). Note that ES is one of the
Al techniques that has not been previously utilized for FPGA
placement. Our experiments reveal that the ES approaches
exhibit superior performance compared to the existing MAB
approaches, demonstrating the potential of VPR-Gym to fa-
cilitate Al research for FPGA Placement and enhance its
performance. The project source is open and available at
https://github.com/cccrrrcce/VPR-Gym.

II. BACKGROUND ON FPGA PLACER

Versatile Place and Route (VPR), which is part of the FPGA
CAD design flow Verilog-to-routing (VTR) 8 [10], applies
Simulated Annealing (SA) to achieve high QoR in placement.
SA randomly performs perturbations that move and swap
the blocks on an FPGA board to optimize the placement.
RLPlace, as illustrated in Fig. El, is an SA-based FPGA
Reinforcement Learning (RL) placer on VPR by Elgammal et
al. [3]. Directed moves, e.g., Bounded Median Move, Critical
Random Move, etc. [6], are more likely to produce useful
perturbations compared with random moves. Six different
types of directed moves are added to the standard VPR 8 SA
placer and can benefit QoR in different ways, e.g., in terms
of wire length, critical path delay (CPD), or both. Moreover,
their effectiveness depends on the operating netlist, current
placement progress, targeted architecture, etc. Since manually
scheduling directed moves that can balance all these factors
is challenging, a multi-armed bandit (MAB) agent is designed
to learn and select the most effective directed move type for
optimizing the SA placement process [3[|-[5]. Specifically, for
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Fig. 1. RLPlace mechanism.

every single step:

o The agent chooses a directed move type as an action;

o The move generator decides the origin and destination of
the next move;

o SA process swaps the logical blocks at the origin and
destination and returns the change in cost and whether to
accept the swap;

o The observer sends a reward to the agent based on SA’s
outcome.

Murray et al. [5] propose another way to enhance the
VPR by defining logical block types as the action space and
performing RL on it, which also outperforms the standard VPR
8 placer. Similarly, the agent is designed to solve a MAB
problem, except that the available actions are logical block
types instead of directed move types.

However, there are several challenges to investigating Al
techniques for FPGA placement:

o Applying latest AI methods: since VPR is written in
C++, it is hard to apply popular state-of-the-art Al tech-
niques to FPGA placement, as most of these techniques
are developed in Python language.

¢ Algorithm-Environment Coupling: Existing FPGA RL
placers [3], [11]] are all highly coupled with the rest
parts of VPR, serving as one phase of VPR’s FPGA
CAD workflow. This means employing a new algorithm
requires a deep understanding of VPR, and the new agent
must be written inside the source code of VPR. Besides,
every improvement to the agent learning code requires a
recompilation of the entire VPR project, which is time-
consuming.

e Algorithm Limitation: Existing FPGA RL placers [3]],
[11]] only support a reinforcement learning formulation,
specifically the Multi-armed Bandit (MAB) problem,
maximizing the long-term rewards during the simulated
annealing process, which are assumed to be stationary.
However, RLPlace has investigated its agent behavior on
different FPGA designs and observed that the optimal
directed move type is changing over time [3].

III. DESIGN OF THE VPR-GYM

We design and implement VPR-Gym, a novel approach
to interact with VPR through the OpenAl Gym framework

in Python. As illustrated in Fig. 2] VPR-Gym abstracts the
Simulated Annealing (SA) scheduling in VPR away from the
agent such that the agent takes actions and receives rewards
in steps. The agent learns to adjust its actions intelligently
during the SA process in order to maximize some function of
the received rewards.

A. Problem Formulation

In VPR-Gym, we first propose a more general learning
objective that can accommodate a wider range of Al optimiza-
tion techniques. Our learning objective converts the current
RL (MAB) formulation in FPGA placement, e.g., RLPlace
[3], into an optimization problem, which allows us to solve
the problem using Evolution Strategies, MAB algorithms, as
well as a potentially broad range of other AI optimization
algorithms.

We define a parameter vector Q to control the probability
of choosing each directed move type. The length of Q is
determined by the number of available actions. For example,
if the agent needs to choose among 7 directed move types, the
length of Q is 7. Then, the probability P, of each action a is

given by
S(Qa)

ity S(Qi)
where S(x) = 1/(1 — e™®) is the Sigmoid activation function
over a domain of real values and [V is the number of available
actions.

The optimization problem is to find an input vector Q to
minimize a loss function Loss(Q), which is defined as
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Minimizing Loss(Q) will maximize the sum of reward during
the past 7 steps. As the agent maximizes the reward dynami-
cally in moving windows, the overall placement performance
is maximized. We will show that this formulation can accom-
modate multiple algorithms by changing the specific form of
action sampling probability P, and minimizing different losses
as functions of step-wise rewards. In fact, by adjusting 7, we
can dynamically generate a non-stationary policy to sample
different actions as the SA process progresses.

B. System Implementation

The agent takes actions and receives rewards from the VPR
environment. The code listing [2] shows an example of how
to use VPR-Gym. Line 2-3 shows the initialization of VPR-
Gym. We provide two options for the environment VprEnv
and VprEnv_blk_type, depending on whether block type will
be a part of the action, which will be introduced in detail.
Line 5-8 shows how the agent learns using VPR-Gym. At
each step, the agent takes an action and passes the action to
VPR via function env.step(). The function will return a reward
and other necessary information from the VPR environment to
the agent. Researchers are free to define the agent’s behavior.
For example, to follow the optimization learning objective,
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Fig. 2. Architecture for VPR-Gym.

researchers can collect the rewards over any given number

distribution.

1) Gym Initialization: The initialization of the gym envi-
ronment starts a VPR kernel under the Gym mode. Under
this mode, the VPR program will pause at certain points
and communicate with the OpenAl Gym framework via the
Zeromq socket.

Users can specify the arguments in the VprEnv() construc-
tor to control the setting of VPR. The OpenAl Gym framework
uses those arguments to initialize the VPR kernel via the com-
mand line interface (CLI). Therefore, any viable simulation
settings in the VPR kernel are still viable in the VPR-Gym.
Note that our VPR-Gym supports parallel initialization and
parallel execution. This, however, requires properly assigning
different working directories and port numbers for different
tasks to avoid conflicts between multiple environments, which
is shown in code listing

6

of steps and use that to update the agent action probability

8

types are added to the action space. The action space of
VprEnv_blk_type is defined as a 2-tuple, where the first
element represents directed move types and the second el-
ement represents the block types. Note that for the two
directed moves that only happen in the second stage (Bounded
Weighted Centroid Move and Critical Random Move),
selecting logical block types is not supported because these
directed moves only manipulate blocks with highly critical
connections. If there are some block types which do not
contain highly critical blocks, this action pair will always lead
to an aborted result and become a trivial action.

from src.vprGym import VprEnv

2| import Agent

3l env = VprEnv ()
agent = Agent ()
5| done = False
while (done == False):
action = agent.action()
state, reward, done, info = env.step(action)

9

(

11

3| env2

from src.vprGym import VprEnv, VprEnv_blk_type
VprEnv (directory='envl’, port=’5555",
benchmark="...")

VprEnv_blk_type (directory='env2’, port=’'6666"
-")

, benchmark=’"..
agentl Agent ()
Agent ()
agentl)
agent2)

Listing 1. Example of parallel initialization

2) Action Space: To build our basic environment VprEnv
in VPR-Gym, we employ the same action space as that in
RLPlace [3|]: there are 7 directed move types, which are Ran-
dom Move, Bounded Median Move, Bounded Edge-Weighted
Median Move, Bounded Centroid Move, Bounded Weighted
Centroid Move, Critical Random Move, and Quasi-Bounded
Feasible Region Move. Therefore, in VPR-Gym, an action
space is defined as a single discrete number from 1 to IV,
where the size of action space N is also subject to changes
because there are two placement stages in VPR, for which
the numbers of available directed move types are 4 and 7,
respectively.

In VPR-Gym, we also introduce a new custom environ-
ment called VprEnv_blk_type where the logical blocks’

agent .getReward (reward)
print ('Wire Length:’, info[’WL’])
print ('Critical Path Delay:’, info[’CPD’])
print (Runtime:’, info[’RT’])

Listing 2. Example of VPR-Gym

3) Reward: VPR-Gym provides more freedom for re-
searchers to design the agent’s reward. Three variables are
passed from VPR to the OpenAl Gym framework by storing
them in the info dictionary, including the normalized change
of the wire length cost (Acost), the normalized change of
the timing cost (At..st), and the change of the bounding box
(related to Wire Length) cost (Abb.ys;). All existing reward
functions can be calculated from these three parameters. For
example, the reward function of WLbiased_runtime_aware [3|]
is

7 (0.5 + Ry) * Abbcosy

+(1 — Rs) * Ateost),
0,

Ty = 3)

if Acost <0
otherwise

where R, is a constant empirically set to 0.4. Eq. (3) can
be computed locally at the Python end with these three
variables. Moreover, in VPR-Gym, the value of Rs becomes
an adjustable variable, which can be learned by the agent or
tuned by a hyperparameter optimization mechanism.

4) Environment Attributes: Other important information is
stored in the attributes of the environment, including:

e num_actions: An integer shows the number of available
directed moves.

num_types: An integer shows the number of logical block
types in the targeted FPGA design;

num_blks: This is a list consisting of the number of
blocks for each logical block type category;

horizon: An integer shows the number of steps within one
temperature in the Simulated Annealing (SA) Process.
Note that some multi-armed bandit algorithms require the
horizon information in order to better plan the exploration
and exploitation;




 is_stage2: This is a Boolean variable showing the current
stage of the SA process. As mentioned above, it would
affect the number of available directed move types.

C. Algorithms

By varying the learning objective and the specific
form of action sampling probability P,, we can interpret and
implement different algorithms.

1) Multi-armed Bandit: Let uq,...,un be the mean val-
ues associated with the reward distributions for move types
1,...,N (or block types). In a MAB algorithm, the agent
iteratively chooses one move type per step and observes the
associated reward. The objective is to maximize the sum of
the collected rewards, i.e., the overall reward in the long run.

Upper Confidence Bound (UCB) selects the action with
the highest score with a probability of 1. On the other hand,
probabilistic MAB algorithms, such as Boltzmann Exploration
(softmax) and Thompson Sampling, calculate the action prob-
ability distribution given by P, and then take actions sampled
from this distribution.

However, a limitation of these MAB algorithms is that they
are designed to maximize the overall rewards, while concept
drift might be present in the SA process of FPGA placer, i.e.,
the expected reward for a directed move type can change at
every time step. In this case, the optimal policy will be a
dynamic schedule represented by a non-stationary probability
distribution P, to be learned.

2) Evolution Strategy: Evoluation Strategy is an algorithm
inspired by biological evolution. It maintains a population
of candidate solutions and creates new candidate solutions
by recombining and mutating the existing candidates. By
eliminating the worse candidates in the population, all can-
didates generally converge to the optimal solution. Because
ES has emerged as a highly effective solution for continuous
optimization problems and its popularity has been further
bolstered by the recent surge of research [[12], we introduce ES
to solve FPGA placement with VPR-Gym, which also flexibly
adapts to the non-stationary reward distributions of different
action types during SA.

Figure 3| shows the flow of ES, which proposes a candidate
vector Q from its population and transfers it into a probability
distribution via a Sigmoid activation function. Action will be
sampled from the probability distribution until 7 steps have
been taken. Then the agent performs an update and proposes a
candidate Q again. The ES agent optimizes the probability P,
periodically and dynamically as moving windows, i.e., every
T steps, the ES agent will propose Q to minimize the loss
term in (2).

Specifically, we introduce two ES algorithms into VPR-
Gym, including Test-Based Population Size Adaptation
(TBPSA) [[13] and Covariance Matrix Adaptation (CMA)
[14]. TBPSA and CMA both have the ability to escape from
local optima, increasing the robustness to non-stationary in
FPGA placement. TBPSA applies a population size adaptation
technique [[15] to increase the population size to explore the
search space more thoroughly when getting stuck in local
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Fig. 3. Evolution Strategy Solution for the Optimization Problem.

optima or when there is a need to handle the noise. Conversely,
it can decrease the population size to accelerate convergence.
On the other hand, CMA uses a restart strategy [16] to escape
from local optima, i.e., when the algorithm stagnates restart
from a random initial point. According to [[13]], [[15]], TBPSA
outperforms CMA in noisy settings, as well as multimodal
settings (which means the presence of many local optima).

IV. EXPERIMENTS

To demonstrate the capability of our platform in solv-
ing FPGA placement with a diversity of Al techniques, we
evaluate the QoR-runtime tradeoffs on four MAB algorithms
with different action sampling techniques and two ES algo-
rithms. Specifically, the MAB algorithms include Softmax (the
original choice in VPR), Upper Confidence Bound (UCB)
[17], Discounted Thompson-Sampling (DTS) [18]], and Boltz-
mann—Gumbel Exploration (BGE) [19]. A brief overview of
these algorithms is presented below:

o UCB: Upper confidence bound represents a combination
of historical observed reward and uncertainty. Action with
the highest upper confidence bound is selected.

o DTS: Thompson sampling generates posterior distribution
for each action based on Bayesian control rules [20] and
uses it as the probability distribution to sample the action.
In DTS, a discount factor is implemented to reduce the
weight of older records.

« BGE: BGE belongs to the Boltzmann Exploration cate-
gory like the softmax algorithm. BGE includes a noise
term drawn from a Gumbel distribution to guarantee near-
optimal performance [19].

The ES algorithms include TBPSA and CMA, which are
introduced in Section

A. Experimental Setup

o Environment: We compare the Al algorithms in two dif-
ferent environments, which include a basic environment
VprEnv and a custom environment VprEnv_blk_type as
defined in Section

o Benchmark: Experiments on are VprEnv conducted
on eight circuits from the Titan23 benchmark
suite [[1]], which are stereo_vision, bitonic_mesh,
neuron, SLAM_spheric, dart, mes_noc, denoise, and
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cholesky_mc. Experiments on VprEnv_blk_type are
conducted on five circuits from the Titan23 benchmark
suite [[1]], which are stereo_vision, bitonic_mesh, neuron,
SLAM_spheric, and dart.

o Metrics: We evaluate the runtime/QoR tradeoffs of differ-
ent placement techniques by the post-placement estimated
wirelength (WL) (based on VPR’s fanout-adjusted HPWL
metric) and critical path delay (CPD) versus runtime to
align with [3]], [21].

« Runtime point: For each algorithm, we set 6 different
numbers of moves attempted at each temperature.

o Implementation details: The parameters of the ES al-
gorithms are updated every 100 steps. The reward that
is used for updating the MAB and ES algorithms is
calculated based on basic reward function from [21]] as
suggested in [3].

B. Results in Basic Environment

Fig. [ presents the post-placement estimated WL and CPD
of different algorithms on the Titan23 benchmark suite. We
discuss the performance to showcase different algorithms’
performance on VPR-GYM.

1) MAB algorithms vs. ES algorithms: Compared to the
ES algorithms, the MAB agents require a higher runtime to
complete all the runtime points in each SA temperature, as they
update on every move, leading to the increased computational
cost. In terms of the estimated WL, the ES algorithms exhibit
superior performance across all runtime points. In terms of
the estimated CPD, DTS shows the best overall performance.
However, all six algorithms demonstrate CPD that doesn’t
monotonically decrease, which is consistent with the results
of RLPlace method [3]].

2) TBPSA vs. CMA: TBPSA demonstrates better perfor-
mance compared with the CMA algorithm on both estimated
WL and CPD, although its runtime is slightly higher under
the same runtime setting. Recall that TBPSA outperforms
CMA in noisy settings and multimodal settings supported
by experimental and theoretical results [13], [15]]. Either the

robustness to noise or the stronger ability for escaping local
optima helps TBPSA achieve superior performance compared
with CMA.

3) BGE vs. Softmax: Cesa-Bianchi, Nicolo, et al. [19] sug-
gest that the Boltzmann Exploration strategy with a monotone
learning-rate sequence is sub-optimal and they offer a non-
monotone schedule strategy which is the BGE algorithm.
Although according to the conclusion by Cesa-Bianchi [[19]]
BGE algorithm should be better than the softmax algorithm,
the BGE agent doesn’t show a dominant result compared with
softmax: BGE is better in wire length but worse in CPD
compared with softmax. As the optimal directed move type
is subject to change over time, we anticipated this result since
it violates the assumption underlying the MAB problem.

4) DTS vs. Other MAB algorithms: DTS is a variant of
Thompson Sampling designed for non-stationary multi-armed
bandit problems. Non-stationary multi-armed bandit means
that the expected reward of each arm (action) is subject to
change, which is matching the SA-based FPGA RL place-
ment problem’s nature, as different directed moves would be
preferred at different annealing temperatures. Hartland et al.
[22] propose that standard MAB algorithms such as UCB
and Boltzmann Exploration, are not appropriate for abruptly
changing environments. The results demonstrate that DTS
outperforms other MAB algorithms, which matches Hartland
et al’s conclusion. The results indicate that it’s fruitful to
consider the non-stationary problem in designing the SA-based
FPGA RL placement agents.

C. Results in Custom Environment

Fig. [5] shows the comparison of post-placement estimated
wirelength and CPD between multiple algorithms on custom
environment. We see that the TBPSA outperforms all other
algorithms in both wirelength and CPD. This result demon-
strates that the TBPSA is able to learn better than the MAB
agents in environments with larger action space. In the case of
employing more directed move types and block types to the
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TABLE I
CMA AGENT’S OVERHEAD AT 6 DIFFERENT RUNTIME POINTS

Inner_num | Overhead (s) | Total Time (s) | Overhead (%)
0.1 48.40 97.92 49.43
0.2 93.11 155.93 59.71
0.3 129.42 204.03 63.43
0.4 185.86 280.81 66.19
0.5 209.44 312.96 66.92
0.6 275.28 386.41 71.24

toolkit, using the TBPSA algorithm can better enhance the
CAD tool’s performance than other algorithms.

D. Discussion

Through the above experiments, the proposed ES has
proven to be superior and more efficient than the traditional
RL (MAB) approaches for FPGA placement, especially in
environments with a more complex action space. Besides,
VPR-Gym enables the evaluation of a diverse range of Al
optimization algorithms without implementing them in the
VPR source code in C++, leading to insightful discoveries
such as introducing discounting factors into MAB agents and
adding robustness to noise. Furthermore, Table El shows the
VPR-Gym’s overhead using the CMA agent on the neuron
circuit which belongs to the Titan23 benchmarks, in terms of
the time spent between the point the agent receives a reward
and the point the agent takes an action in the next step, and its
proportion in the total running time. Although the CMA agent
can perform calculations fast, the overhead is mainly caused
by Inter-process communication between VPR and the OpenAl
Gym framework. This means that VPR-Gym can mainly be
used as a tool to fast investigate, prototype, select, and improve
a wide range of Al techniques, while the optimized algorithms
should still be transplanted to the original VPR kernel to
further conduct and finalize FPGA placement in practice.

V. RELATED WORK

A variety of Gyms have been built in different application
areas, such as compiler [23]], auto driving [24]], Robotics [25]],
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runtime points. TBPSA outperforms other algorithms on both post-placement

and networking [26]. For example, Piotr et. [26] have built
Ns3-gym in order to apply ML techniques such as RL to
the Ns-3 network simulator. Their ns3-gym toolkit brings
significant convenience to the usage of machine learning
algorithms in the area of networking.

Machine learning shows a growing trend in the FPGA
Placement area. Abeer et al. [27]] employed a Convolutional
Neural Network (CNN) to approximate the routability based
on the heatmap of the circuit placement. In addition, they
proposed a novel algorithm [11] that forecasts the final place-
ment congestion based on features available early in placement
using a convolutional encoder-decoder.

Murray et al. S]] proposed to use the MAB agent to deter-
mine the type of block during the SA. As a result, the runtime
needed to achieve the same QoR is greatly reduced. In this
work we provide a custom environment VprEnv_blk_type
that combines both search space in their work and RLPlace,
granting more freedom to the agent.

VI. CONCLUSION

In this paper, we propose the VPR-Gym for the sake
of lowering the barrier-of-entry to the development of Al
optimization algorithms for FPGA RL placement. VPR-Gym
significantly simplifies the agent implementation in the VPR
placement research area and enables the interaction between
VPR and some advanced Machine Learning and optimization
libraries such as Nevergrad [9]. Furthermore, we perform ex-
periments on VPR-Gym and provide exciting findings that can
help enhance the FPGA CAD tools’ placement performance
from an algorithmic perspective.

In the future, we plan to extend the VPR-Gym’s features.
The current trend of RL is using deep neural networks as
the agent policy. We will focus on adding state information
to VPR-Gym to facilitate studies of Deep Q-Network (DQN),
contextual bandit, and other RL techniques in our future work.
Another interesting avenue is shaping the reward function,
which can better relate to the post-placement estimated wire-
length and CPD metrics.
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