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Modern very large-scale integration (VLSI) design requires the implementation of integrated circuits using
electronic design automation (EDA) tools. Due to the complexity of EDA algorithms, there are numerous
tool parameters that have imperative impacts on the chip design quality. Manual selection of parameter
values is excessively laborious and constrained by experts’ experience. Due to the high complexity and lack of
parallelization, most existing parameter tuning methods cannot make sufficient exploration in a large search
space. In this article, we boost the efficiency and performance of parameter tuning with random embedding
and multi-objective trust-region Bayesian optimization. Random embedding can effectively cut down the
number of variables in the search process and thus reduce the runtime of Bayesian optimization. Multi-
objective trust-region Bayesian optimization allows the algorithm to explore diverse solutions with excellent
parallelism. Due to the ability to do more exploration in limited runtime, the proposed framework can achieve
better performance than existing methods in our experiments.
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1 INTRODUCTION

Electronic design automation (EDA) tools play a central role in modern VLSI design flow, which
comprises a front-end and a back-end flow. For example, Genus, a Cadence synthesis tool, delivers
a solution to the front-end flow. The physical design tool, e.g., Innovus, can be regarded as the
implementation of the back-end flow, which contains multiple steps such as placement, clock tree
synthesis, routing, and so on. There exist numerous parameters in tool-based flow. For example,
partitioning is the process of disassembling designs into more manageable block sizes. Setting
the parameter auto partition in Genus can enable the partition algorithm for our design. In
Innovus, congestion effort achieves the trade-off between the global placement runtime cost
and the placement quality, which reveals how many areas within a chip floorplan will be difficult
to route.

In the industry, the manual selection for tool parameters is widely applied by chip designers.
Nevertheless, such a method is extremely laborious and lacks scalability for newly-emerged design
if designers can only transfer limited prior knowledge. Chip designers also choose the exhaustive
search for the parameter values. Unfortunately, it lacks efficiency since the enormous search space
restricts designers from enumerating each parameter value and retrieving the optimal one. There-
fore, an efficient parameter tuning methodology is crucial for improving VLSI design automation.

Given the difficulty, many researchers propose various solutions in academia [1, 14, 16, 18, 20,
26, 32, 34, 35]. SynTunSys [35] is a self-evolving system for the parameter tuning of synthesis
tools, which is extended in [34]. LAMDA [26] is an auto-tuning algorithm for FPGA design clo-
sure utilizing the XGBoost algorithm [7] and design-specific features extracted from the design
flow. Reference [18] adopts the tensor decomposition idea from recommender systems and sug-
gests parameter values based on a neural network. Reference [1] optimizes placement parameters
with a deep reinforcement learning framework based on handcrafted features and graph neural
networks [15]. FIST [32] leverages the proposed feature importance sampling method and XG-
Boost regressor to optimize the parameters. FlowTuner [19] incorporates ant colony optimiza-
tion (ACO) algorithms to build a cooperative co-evolutionary framework for parameter tuning.
The AutoTuner platform [16] integrates several optimization algorithms, such as evolutionary al-
gorithm and tree-structured Parzen estimator [6]. Reference [20] utilizes Bayesian optimization
(BO) to tune the tool parameters efficiently. PTPT [14] uses multi-objective BO to optimize VLSI
design flow parameters, which can model the correlations among multiple objectives and obtain a
Pareto-optimal set of parameter values.

In general, existing methods for VLSI design flow parameter tuning can be classified into two
categories, i.e., heuristic search and model-based search. Heuristic search methods usually search
parameter values by successively applying minor changes according to pre-defined rules. Such
rules, e.g., the mutation criterion in the genetic algorithm, are applied based on a pre-determined
threshold and current results quality, and so on. Most heuristic search methods require more iter-
ations to find the global optimum with a certain probability. Yet such convergence is still not guar-
anteed. Regarding solution quality, model-based methods often outperform the heuristic search
methods. Model-based search methods are capable of efficient global search by balancing explo-
ration and exploitation based on a manually designed process [32] or the merits of a robust black-
box model, e.g., the Gaussian process (GP) model [14, 20]. BO, deep reinforcement learning, and
so on fall into this category. The black-box model utilized by the methodology can guide how to
explore the search space and focus on regions that are likely to have excellent results. However,
two limitations restrict current model-based search methods from improving performance and ef-
ficiency further. Firstly, more parallelism is failed to exploit. Secondly, the high runtime cost is
often consumed in training the black-box models. Notwithstanding that some arts have already
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Fig. 1. Runtimes per iteration of MOTPE [21], an efficient multi-objective Bayesian optimization method.
(a) shows the runtimes of MOTPE with different numbers of parameters. The number of evaluated sam-
ples is 1,024. (b) presents the runtimes of MOTPE with different numbers of evaluated samples. We test the
algorithm with 134 parameters, the same as we use in the experiments in Section 4. Table 1 presents infor-
mation about the parameters. As the number of parameters or evaluated samples increases, the runtime for
an iteration rises rapidly.

extended the sequential optimization to the parallel flow [8, 9] to solve the first limitation, the
runtime cost may still become unacceptable for the VLSI design flow. The reason lies in two folds.
On the one hand, there exist many parameters in the search space, e.g., at least, more than a hun-
dred parameters that can affect the quality of result (QoR). Moreover, the search space may
contain uncountable candidate solutions due to non-discrete parameter values in the VLSI design
flow. Hence, it requires more optimization iterations to obtain a satisfactory result. On the other
hand, as the algorithm continues to optimize, the black-box model is trained on a larger searched
data size, which incurs high training runtime costs. Methods based on BO face the problem since
training becomes more expensive as the optimization continues.

VLSI design flow takes a long time to obtain the QoRs. The relation between the tool inputs and
the QoRs is so complicated that we can not model it with simple analytic functions. It fits the black-
box optimization settings of BO. BO can make a trade-off between exploration and exploitation,
enabling an efficient global search. Methods based on BO have shown better performance than
other methods such as genetic algorithm in existing research [14, 16]. Therefore, we propose a
framework based on BO that can solve the limitations mentioned earlier.

To improve the efficiency of BO for VLSI design flow parameter tuning, we argue that the time
required for calibrating the surrogate model and computing acquisition function must be reck-
oned with when navigating the huge searching space generated by a plethora of tool parame-
ters. Figure 1(a) and Figure 1(b) present the runtimes of an efficient multi-objective BO method
MOTPE [21] on a problem with three objectives. Each bar in Figure 1 denotes the algorithm’s
runtime per iteration. The method uses the evaluated samples as training data to train the surro-
gate model and select new promising data from the search space based on the surrogate model.
In Figure 1(a), the number of evaluated samples is 1,024. It shows that the number of parameters
strongly influences the runtime, which inspires us to reduce the runtime of the parameter tuning
algorithm via dimensionality reduction. In Figure 1(b), the number of parameters is 134. As the
number of evaluated samples increases, the runtime rises rapidly, which can become unaffordable.
For example, MOTPE with 4,096 evaluated samples costs 10,786 seconds to sample new promising
data. Thus, keeping the number of evaluated samples for BO in an acceptable range is crucial to
prevent the parameter tuning process from slowing down significantly.
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Our first improvement on the parameter tuning method is dimensionality reduction. Although
there are a large number of parameters in EDA tools that influence the QoR, some of them are more
important than others for a given circuit. For example, the congestion effort parameter is critical
for a circuit with potential congestion issues in the placement and routing processes. At the same
time, the wire length optimization level may have less effect. In other words, the QoRs is strongly
affected by a latent variable vector with lower dimensionality than the parameter space. This fact
motivates us to apply dimension reduction to the search space, i.e., utilizing low-dimension fea-
tures to represent the original high-dimension parameters. Although, we can implement dimen-
sionality reduction by selecting important parameters and ignoring others, it requires many ad-
ditional data to estimate the importance of each parameter in a huge parameter space, which can
significantly slow down the parameter tuning process.

We reduce the dimensionality of the search space with the random embedding method [28]. The
dimensionality of a latent space that determines the results is named effective dimensionality d,.
Assuming the D-dimensional variable vector x has an effective dimensionality of d,, it is proved
in [28] that the optimal point of x can be found by optimizing the d.-dimensional variable vector
x’, which is mapped to the D-dimensional space with a random embedding matrix. The theory
inspires algorithm designers to cut down the number of variables by searching in a space with
lower dimensionality, which can effectively reduce the runtime of optimization algorithms.

To enhance the efficiency of parameter tuning, we adopt an optimized multi-objective BO
method as our second improvement. Sequential algorithms suffer from the unsatisfactory effi-
ciency. Parallel BO [8, 9] conquers this challenge by sampling a batch of points at each iteration.
By sampling more points in one iteration, parallel BO can explore the search space better than se-
quential methods. However, as shown in Figure 1(b), having many evaluated samples significantly
slows down the optimization process, which prohibits the parameter tuning method from having
a large batch size. Trust-region BO [10, 12] enhances the parallelism by performing BO within
multiple decoupled trust regions (TRs) simultaneously. Each trust region only uses a portion of
the evaluated samples to train the models, which can effectively reduce the runtime of BO and
achieve larger-scale parallelism. The adaptive sampling range of trust-region BO can avoid the
probable deterioration of search quality caused by the decrease in training data.

The third improvement is an early-stopping mechanism that utilizes the feature of the EDA flow.
We also consider the multiple consecutive optimization stages in the de facto VLSI design flow,
i.e., the results from the front-end flow strongly influence the QoRs obtained from the back-end
flow. Besides, the back-end flow consists of more stages and complex algorithms than the front-
end, which incurs higher runtime costs than the front-end flow. This fact motivates us to select
parameter values that are more likely to have good QoRs based on the front-end results. We first
evaluate multiple points with the front-end flow and select a portion of them that potentially have
high QoRs to run the back-end flow. As a result, some samples that fail at the early-stage can
also be abandoned, utilizing the finding that early-stage failure costs less time mentioned in [16].
Previous methodologies neglect the interaction between the front-end and back-end flow. Unlike
them, our algorithm is aware of the interaction accordingly to solve the problem.

In accordance with the aforementioned arguments and observations, we propose REMOTune, a
parameter tuning framework for VLSI design flows with Random Embedding and Multi-Objective
trust-region BO. First, we reduce the number of variables for the optimization algorithm by gener-
ating the parameter values in a space with lower dimensionality. Second, we overcome the weak-
ness of sequential optimization by utilizing parallel BO. The high efficiency of trust-region BO [10,
12] contributes to the superiority of REMOTune. Finally, the non-dominated sorting [11] of the re-
sults from the early stage of the EDA flow can select the samples that are likely to surpass others
and reduce the number of evaluations in the time-consuming back-end flow.
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The main contributions of this article can be summarized as follows.

—We propose an efficient algorithm for VLSI design flow parameter tuning. To overcome
the challenge of the enormous parameter space, we effectively reduce the number of vari-
ables with random embedding, which significantly saves the time spent on the optimization
method.

—We enable parallel optimization in parameter tuning with an improved multi-objective
trust-region BO method. Optimizing in several decoupled regions can not only enable par-
allel evaluations but also reduce the runtime for the parameter tuning method. In addition,
we introduce a clustering step in the initialization of the method to ensure the diversity of
the TRs.

—In the early stage of the EDA flow, we apply a non-dominated sorting mechanism to select
the samples that are likely to surpass others and reduce the number of evaluations in the
time-consuming back-end flow.

—Experimental results show that the proposed framework can achieve significant improve-
ment compared with existing EDA flow parameter tuning methods.

The rest of our article is organized as follows. Section 2 introduces some prior knowledge about
random embedding and multi-objective optimization. Section 3 discusses the developed parameter
tuning flow. Section 4 describes our experiments on VLSI design parameter tuning. The conclusion
and future directions are discussed in Section 5.

2 PRELIMINARIES
2.1 Bayesian Optimization

BO is an efficient framework for solving black-box optimization problems, where the relations
between the inputs and outputs are too complex to model with some analytical functions. For a
problem x* = arg min,ex f(x), BO utilizes a surrogate model to simulate the objective function
y = f(x). Typically, the surrogate model is a GP: :

p(ylx) = N(u(x), %(x)), (1)

where N(p(x), X(x)) denotes a Gaussian distribution with a mean function p(x) and a covariance
matrix X(x). The GP can predict the mean and variance of the points, which can be used to make
a trade-off between exploitation and exploration.

GP usually utilizes a covariance function k(x1, x2) to achieve non-linear modeling. For example,
the widely-used squared exponential function is defined as:

k(x1,x2) = A*exp (—%(xl —x3) " A(xy - xz)) , ()

where A = diag(4;%,1;%,. .., A;}) is the diagonal length scale matrix and A? is a scaling factor.
Given observations X = [x1,%2,...,XN], Yy = [y1, Y2, - . ., YN ], and a new point x,, the distribu-
tion of y; [30] is estimated by:

pyelxe, X, y) = N(kT (X, x¢)K(X, X) 'y, k(xr, x¢) — k' (X, x:)K(X, X)"'k(X, x;)), 3)

where k(X, x;) denotes the vector formed by the covariance values between [x, X2, ..., xx] and
x:. K(X, X) is the intra-covariance matrix among [x1, X2, . . ., XN ], whose element at the ith row
and jth column is k(x;, x;). Equation (3) can explain why the runtime of BO rises rapidly as the
number of observations increases, as shown in Figure 1(b). As the number of data increases, the
time to get K(X, X)~! grows polynomially, which significantly slows down the computation of GP
in BO. Therefore, limiting the number of observations involved in the GPs can effectively reduce
the runtime of a parameter tuning method based on BO.
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BO uses an acquisition function to determine which datum to evaluate in the next step. Under
a single-objective optimization setting, the expected improvement (EI) is a popular acquisition
function defined as:

EI(x) = f max(y* — . 0)p(ylx)dy. ()

00

EI(x) prefers low expected value or high uncertainty, which implements the trade-off between
exploitation and exploration. Maximizing the acquisition function usually requires a numerical
optimization process, which costs more and more time as the number of variables increases. Thus,
limiting the number of variables can reduce the runtime of BO because less time is spent maxi-
mizing the acquisition function.

After selecting the test point, the evaluation result is used to train the surrogate model. The best
evaluated result is regarded as the optimal value y* = f(x*). BO does not assume any particular
form for f(x), which makes it suitable for problems where the evaluation process is complicated
or the design of analytic models is difficult.

2.2 Multi-objective Optimization

In EDA flows, there are multiple QoR metrics, such as performance, power, and area (PPA).
Thus, the parameter tuning for EDA flows is intrinsically a multi-objective problem. In multi-
objective optimization, we usually find the Pareto-optimal set rather than a single optimal result.
For a problem with M objectives, we denote the objectives of a test point x as a vector y = f(x).

An objective vector y, = [yil), in), cees yiM)] is said to dominate vy, if

Vi e {1,2,...,M},y§i> < yéi) and j € {1,2,...,M},y§j) < yg). (5)

A point x is Pareto-optimal if no evaluated point dominates it. The Pareto-optimal points are
called the Pareto-optimal set.

To compare results under a multi-objective setting, the hypervolume (HV) indicator is com-
monly used to assess the quality of Pareto-optimal sets. Given a Pareto-optimal set P and a refer-
ence point r that typically denotes the worst case, the HV indicator can be defined as:

HV(P,r) = A U [ Ge) W r DT [f ()@, r T s x [ Gen) 0, r 0] ), (6)

x;€P

where x; is the ith point in the Pareto-optimal set. [ f(x;)"), r0)] denotes the range between the
Jjth elements of f(x;) and r. A(-) refers to the Lebesgue measure. Figure 2(a) illustrates the HV
indicator in a 2-D space. It computes the area of a polygon that is the union of multiple rectangles.
Each rectangle is determined by a Pareto-optimal point and the reference point. In Figure 2(b),
a new point enlarges the Pareto-optimal set and thus increases the HV. In simple terms, the HV
indicator computes the size of the space covered by the Pareto-optimal set.

In multi-objective BO, the acquisition functions are required to consider the Pareto-optimal set.
For example, expected hypervolume improvement (EHVI) [8] extends the idea of EI and acts
as a multi-objective acquisition function. Max-value entropy search (MES) [29] considers the
optimization of the Pareto-optimal set from an information-theoretic perspective.

3 PROPOSED METHOD

3.1 Overview

Figure 3 shows the overview of the proposed framework. To obtain layout designs from the EDA
flow, we need to prepare the technology library, hardware description language (HDL) codes,
and constraint files. The range of each parameter should also be specified. Given these files and
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Fig. 2. Illustration of the hypervolume indicator in a 2-D space. The hypervolume indicator computes the
area of a polygon that is the union of multiple rectangles. Each rectangle is determined by a Pareto-optimal
point and the reference point. (a) shows the 2-D hypervolume of four Pareto-optimal points. (b) is the 2-D
hypervolume after adding the fifth point. The difference between (a) and (b) is the hypervolume contribution
of the fifth point.
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Fig. 3. Overview of REMOTune, which consists of the initialization phase and the optimization phase.

the parameter space, REMOTune can optimize the parameters for the EDA flow and finally output
the Pareto-optimal parameter values.

REMOTune consists of two phases, the initialization phase and the optimization phase. The
initialization phase consists of two steps. First, we generate a random embedding matrix that can
map a variable vector in a low-dimensional space R? to the original parameter space RP. Second,
we sample and evaluate multiple points, then utilize the K-Means++ clustering algorithm [27] to
partition the samples into T subsets, each of which is used to initialize a trust region.

REMOTune optimizes the parameters with multiple decoupled TRs, which can run in parallel. At
each iteration, we first train the GPs for each trust region. After training the surrogate models, we
sample a batch of points with Thompson sampling, considering the contribution to the HV. Second,
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the sampled points are evaluated with the front-end flow, such as the synthesis tool Genus. Half
of them are selected by non-dominated sorting, which can select the points that are more likely to
improve the Pareto-optimal set. In the non-dominated sorting, we select the points according to
Pareto-optimality and the crowding distance. Section 3.3.2 presents the details about this process.
Finally, the selected points and their QoR results from the back-end flow (e.g., Innovus) are used
to update the Pareto-optimal set and added to the training data for the next iteration.

3.2 Initialization Phase

In the initialization phase, we first generate a random embedding matrix for dimensionality re-
duction and second initialize the TRs with clustered points.

3.2.1 Random Embedding. There are a large number of parameters in well-known EDA tools
such as Genus and Innovus. The huge parameter space poses a great challenge to the parameter
tuning methods. As discussed in Sections 1 and 2.1, a large number of variables can increase the
runtime of BO. Therefore, we try to optimize the parameters in a space with lower dimensionality.
In this article, we utilize random embedding to reduce the dimensionality of the search space.
Assuming that the parameter vector x is D-dimensional and a d.-dimensional latent variable vector
x’ dominates the QoR results, it is proved in [28] that optimizing x’ is equivalent to optimizing
x if x = Ax’ and each element of A is sampled from a standard Gaussian distribution. The theory
inspires us to reduce the dimensionality of the search space via random embedding.

We normalize each parameter value in [—1, 1] for simplicity. Discrete parameters are also rep-
resented by real numbers in [—1, 1]. Thus, the parameter vector x has a box bound Bp = [~1,1]".
The latent variable vector x’ is also limited in a pre-defined box B, = [—b,, be]%. In practice, the
parameter vector generated by x = Ax’ is likely to fall outside [—1, 1] and needs to be clipped. To
encourage the searching inside Bp, we generate the random embedding matrix A by optimizing
the following problem with the simulated annealing algorithm.

A = argmin(1l — p(Ax’ € Bp)) + y X Dkr(pall9), (7)
A

where p(Ax’ € Bp) represents the probability that Ax’ falls into Bp, Dk (pllq) = X, p(x) log %
is the KL divergence, p4 is the probability distribution of the elements of A, ¢ denotes the standard
Gaussian distribution, and y is a weight parameter that makes a trade-off between the two terms.
The probability p(Ax’ € Bp) is evaluated by random sampling. Minimizing Dk (pall¢) ensures
that the distribution of the elements of A is standard Gaussian. At each iteration, one row of the
embedding matrix A is re-generated with a Gaussian random number generator, and the simulated
annealing mechanism decides whether to accept the change or not. In this article, we do simulated
annealing to improve the embedding matrix for 4096 iterations. At each iteration, we randomly
generate 4,096 points and count the number of points that fall into Bp to estimate the probability
p(Ax’ € Bp). The pre-defined box B, = [~b,, b.]% is set to be [-0.25,0.25]%. Since the random
generation of points are not time-consuming, the whole process of simulated annealing only costs
several minutes.

3.2.2 Sampling and Clustering. After the generation of A, we randomly sample multiple points
in B,, map them to the original parameter space Bp, and evaluate them in the complete VLSI design
flow. To ensure the diversity of the TRs, we utilize the K-Means++ clustering algorithm to partition
the random samples into T subsets, where T is the number of TRs. Each cluster contains the initial
training data of the corresponding trust region. The details of TRs are discussed in Section 3.3.
In the absence of clustering, the search directions of the TRs do not have significant differences,
which may lead to redundant searches in the optimization process.
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ALGORITHM 1: Initialization Phase
Input: Number of initial points Njp;;, number of trust regions T
Output: Trust regions {TR;,TRz,..., TRt}
1: function Init((Njniz, T))
// 1. Generating the random embedding matrix

2: Initialize A, each element A; ; is sampled from N(0, 1);
3: Optimize (7) with the simulated annealing algorithm;
// 2. Sampling and Clustering
4: Draw Njpi; quasi-random points from a Sobol sequence;
5: Partition the Njp;; points into groups {C1,Ca, . ..,Cr} with the K-Means++ clustering algorithm;
6: foriin{1,2,...,T} do
7: Map the points in C; to the original parameter space with A, then evaluate them with the complete
EDA flow;
8: Add the points in C; and their QoR results to the training data of TR;;
9: end for

10: return {TR{,TRy, ..., TRT};
11: end function

The initialization phase is summarized in Algorithm 1, which consists of two steps, generating
the random embedding matrix (lines 2 and 3) and initializing the Trs with the clustered initial
points (lines 4-9).

3.3 Optimization Phase

As discussed in Sections 1 and 2.1, the number of observations has a huge impact on the runtime
of BO. As the number of data increases, the runtime for GP inference grows rapidly, which signif-
icantly slows down the computation of BO. Although this article aims to utilize parallel BO, the
runtime of the optimization algorithm can become unaffordable as the number of evaluated points
grows, as shown in Figure 1(b). Therefore, to reduce the runtime of REMOTune, we limit the num-
ber of observations involved in the GPs by performing BO within multiple TRs simultaneously.

Trust-region Bayesian optimization (TuRBO) [10, 12] is a robust framework for high-
dimensional black-box optimization that can avoid over-exploration by performing optimization in
adaptive TRs. TuRBO is designed for the parallel evaluation setting with large batch sizes, which
can bring high throughput and thus minimize the end-to-end optimization time. It can provide
trust-region-level and batch-level parallelism based on the sequential model-based optimiza-
tion (SMBO) scheme. The TRs are decoupled and optimized in parallel. Within a trust region, a
batch of points are sampled and evaluated in parallel at each iteration. In this article, we design
an extended multi-objective trust-region BO algorithm that supports random embedding with im-
proved initialization and sampling methods.

Figure 4 illustrates TuRBO in a 2-D space, where the circles with the same color represent the
evaluated points belonging to the same trust region. TuRBO explores the search space with mul-
tiple decoupled TRs. Each trust region has an adaptive edge-length L and a center point Xcepnser
that is selected from its evaluated points. A trust region uses its evaluated points to train the GPs
and samples one or multiple points in the rectangle determined by the center point and the edge-
length. Note that some evaluated points in a trust region can be outside the rectangle because
the center point and edge-length can be changed at any iteration. The edge-length is increased
and decreased to encourage exploration and exploitation, respectively. Changing the center point
enables the trust region to travel around the search space and make better exploration.

Optimizing in decoupled TRs has two significant advantages. First, it effectively reduces the
number of training data and the size of the search space for BO. For a typical parallel BO algorithm,
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Fig. 4. Overview of TuRBO. Each trust region has an adaptive edge-length L and a center point xcenter
selected from its evaluated points. In each iteration, it samples one or multiple points in the rectangle deter-
mined by the center point and the edge-length. The edge-length can be increased and decreased to encourage
exploration and exploitation, respectively.

all evaluated points are used as training data, and the algorithm needs to optimize the acquisition
function in the whole space. Figure 1(b) has shown that the runtime rises rapidly as the number
of training data increases. Nevertheless, in trust-region BO, a trust region uses only a portion of
data. It maximizes the acquisition function in a limited space determined by the center point and
edge-length. Second, trust-region BO focuses on regions that potentially improve the QoR, avoid-
ing over-exploration in the immense space. This feature of TuURBO enables fast convergence and
reduces the number of iterations. Due to the time-consuming EDA flow, it is of great importance
for the parameter tuning method to limit the number of iterations. Otherwise, the runtime of the
whole parameter tuning process can be unacceptable.
The key points of the optimization phase are as follows.

3.3.1 Trust-region Sampling. Our algorithm carries out BO in several decoupled TRs. A TR sam-
ples new points in a hypercube with a center point xcenser and an edge-length L € [Lpin, Limax]-
At each iteration, it utilizes GPs to model the relation between the input variables and the output
results, and sample one or several points within the trust region using Thompson sampling [17],
which is an efficient substitute for acquisition functions.

We select the center point X¢enser,; for each trust region TR;. The center is the evaluated point
in TR; that has the highest hypervolume contribution (HVC), which is defined as the reduction
in HV if that point were to be removed. The HVC of point x is represented by HVC(x, TR;). The
edge-length L; is initialized with an empirical value and evolves according to the rules described in
Section 3.3.3. We initialize the edge-length with 0.25. The basic idea of edge-length evolution is that
if the TR succeeds in enlarging the Pareto-optimal set, its edge-length is increased to encourage
exploration. Otherwise, the edge-length is decreased to facilitate exploitation.

For the ith trust region whose center point is X¢enzer,; and edge-length is L;, the training data
consist of the evaluated points in this trust region and the points from other TRs that are in the
hypercube with the same center and an edge-length of 2L. This data-sharing mechanism can in-
crease the data diversity and improve the modeling ability of the models near the trust region with
little overhead.

To generate a batch of data including b points, we use Thompson sampling to draw posterior
samples from the GPs. The 2b points with the maximum hypervolume improvement (HVI) are
selected to run the front-end flow. Denoting the QoR results of evaluated points with Y;essed.is
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HVI of a sampled point x;4mpieq is evaluated by:
HVI(xsampled) = HV(Pareto(Ytested,i + f(xsampled)), r) - HV(ParetO(Ytested,i)a 7'), (8)

where f (Xsamplea) is the estimated QoR results obtained in the sampling process and Pareto(-)
computes the Pareto-optimal set.

3.3.2  Non-dominated Selection. After the sampling, we evaluate the 2b points with the front-
end flow and get the early-stage result f(x;) of each point x;. Then we run a non-dominated se-
lection process inspired by NSGA-II [11] to find the better half of the samples, denoted by X ¢jected-
The selection process iteratively executes the following steps until b samples are selected.

(1) Get the Pareto-optimal set of the samples Xqmpieq and denote them with Psgmpieq- Re-
move the points in Pygmprea from Xgompied-

(2) Sort Psampleq according to the crowding distance of each point CD; = Zﬁl CD; ;. To
compute CD; j, the early-stage results f,(x;) are sorted by the jth dimension. We de-

note the two points near f ,(x;) with ff(xlT) and ff(xll) such that ]Sc(xj)(i) > ff(xi)(j) >
]Sc(xl.l)(f). The value CD; ; is computed by:

ff(x,T)(j) _ff(xl@)(i)

CD;j = Fr(x™) D) = f(xbd) 0’

©)

where x™/ and x/ represent the points that have the maximum and minimum QoR results
in the jth dimension, respectively. The CD; ; values of x™/ and x/ are set to +co.

(3) If [ Xsetected| < b = |Psampleal, add all points in Psgmpieqa to Xsejecteqa- Otherwise, select
the points in Pggmpieq according to the non-dominated sorting. The points with larger
crowding distances are selected first.

The non-dominated selection can be regarded as an early-stopping mechanism that enables
us to explore more points while keeping the overhead at an acceptable level. The front-end flow
usually costs less time than the back-end, but it has a strong influence on the final QoRs. Non-
dominated selection enables us to explore more points with a little overhead and use the refined
samples to evaluate the results. We use half of the candidates empirically to make a trade-off
between effectiveness and efficiency. Using fewer candidates has little gain on exploration while
using more candidates leads to a high runtime overhead. In our experiments, it costs around 1/4
additional runtime than the method without non-dominated selection but can explore much more
samples.

3.3.3 Evaluation and Update. Finally, the selected points and their QoR results from the back-
end flow are used to update the training data and the Pareto-optimal set. The edge-length L is
also updated after the evaluation. It is initialized with L;,;; in the initialization phase and changed
according to the following rules.

(1) If the best point or the Pareto-optimal set of one trust region is improved at the current
iteration, the success count of this trust region is increased. Otherwise, the failure count
is incremented.

(2) When the success count of one trust region exceeds the success threshold z;, the edge-
length is increased to min{2L, Ly}, encouraging the exploration in a larger space. The
success count is set to zero after changing the edge-length.
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(3) When the failure count of one trust region exceeds the failure threshold 77, the edge-
length is set to L/2, encouraging more fine-grained searches. The failure count is set to
zero after changing the edge-length.

(4) If a trust region has L < Ly,;p, it is terminated and a new trust region is started.

Algorithm 2 summarizes an optimization iteration of a trust region. Line 2 selects the center
point of the trust region. Lines 3 and 4 show the TR sampling processes, respectively. Lines 5-10
present the non-dominated selection step. Lines 12 and 13 show the evaluation of selected samples
and the update of the trust region, respectively. In the optimization phase, we execute multiple
instances of Algorithm 2 in parallel to explore multiple regions concurrently.

ALGORITHM 2: Optimization Phase

Input: Trust region TR;, batch size b
Output: Updated trust region TR;

1: function Optimize((TR;, b))

// 1. Trust-region Sampling

2: Xcenter,i = argmax, HVC(x, TR;);

3: Train the Gaussian processes with the evaluated points in TR; and the shared data;
Sample 2b points according to HVI(x);

// 2. Non-dominated selection
5: Map samples X 4pleq to the original parameter space, evaluate them with the front-end flow, get

results Y7 sampleds

ko

6 Xselected = 0;
7 while X cjecreql <0 do
8 Psampled = Pareto(yf,sampled);
9 Sort Pggmpiea by the crowding distance, from largest to smallest;
10: Add points from Pgppieq t0 Xsejecreds and remove the points from Xsgmpieds
11: end while
// 3. Evaluate and update
12: Map samples Xejecreq to the original parameter space, evaluate them with the back-end flow, get

results Ygerecreds
13: Update the evaluated points and the edge-length with Xejecreds Yselecteds
14: return TR;;
15: end function

3.4 The Complete Flow

According to the discussion above, the proposed framework consists of two phases, the initializa-
tion phase and the optimization phase. Algorithm 3 presents the outline of our parameter tuning
framework. Algorithm 1 is called in Line 2 to initialize the TRs. Lines 4 and 5 concurrently invoke
Algorithm 2 to carry out the optimization phase.

4 EXPERIMENTS
4.1 Experimental Settings

"We test REMOTune with a VLSI design flow consisting of Cadence Genus and Innovus 17.1. We
optimize 134 parameters demonstrated in Table 1. Every parameter corresponds to an option of a
command in Genus or Innovus. For synthesis, we consider the root attributes of Genus for design
partition, boundary optimization, control logic optimization, datapath optimization, multibit
instances, etc. The parameters for the backend are inspired by AutoTuner [16] and PTPT [14],
which have remarkable performance in academia or industry. For floorplan, we focus on the basic
parameters of the floorplan command. In terms of placement, we tune the awareness of timing,
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Table 1. Examples of the Flow Parameters

Stage Total Parameter Examples Range
auto partition false/true
. control logic optimization basic/advanced/none
Synthesis 105 . ) )
synthesis general effort medium/low/high/express/none
synthesis map effort high/low/medium/express/none
aspect ratio 0.5-2.0
Floorplan 7 .
density target 0.5-1.0
congestion effort low/medium/high
Global placement 10 timing effort medium/high
power effort none/standard/high
wire length optimization none/medium/high
Detailed placement 3 & P " . & .
IR drop aware none/low/medium/high
timing driven false/true
. lithography driven false/true
Routing 9 K -
Si driven false/true
via optimization false/true

ALGORITHM 3: The proposed REMOTune framework

Input: Number of initial points Njp;;, number of trust regions T, batch size b, number of iterations MaxIter
Output: Pareto-optimal set P

1: function PT((Njniz, T, b, MaxlIter))

2: {TRy,TRy,...,TR7} = Init(Njpnis, T);

3: for iteration in {1,2,..., MaxIter} do

// Note that the following loop can be run in parallel;

4 for TR; in {TR{,TR,, .. .,TRT} do
5 TR; = Optimize(TR;, b);
6 end for
7: end for
8
9:

> Algorithm 1

> Algorithm 2

Update the Pareto-optimal set and the shared data;
end function

power, congestion, wire length, etc. As for routing, we consider the optimization on via, wire,
timing, and so on.

REMOTune is implemented with Python3. The BoTorch [5] toolbox is adopted to provide ac-
celeration for BO. We compare the proposed framework with reproduced state-of-the-art works
BO [20], Recommender [18], FIST [32], PTPT [14], and AutoTuner [16]. We reproduce BO and
Recommender with BoTorch and PyTorch [22] toolboxes, respectively. FIST and PTPT are im-
plemented with scikit-learn [23]. Moreover, we use the MOTPE [21] algorithm and the toolbox
Optuna [3] for AutoTuner, which shows better final scores in [16]. BO, FIST, PTPT, and AutoTuner
are sequential model-based optimization (SMBO) methods. In the initialization of BO, PTPT,
and AutoTuner, they randomly sample a certain number of points and used the points to train
the surrogate model. To ensure the diversity of initial points, FIST requires the random samples to
cover various parameter values. In the optimization phase, BO and PTPT use GP surrogate models.
FIST uses XGBoost as the surrogate model while AutoTuner uses a mixture-of-Gaussian model. To
score the candidates, BO uses EI as the acquisition function. PTPT maximizes the entropy while
FIST randomly samples some points and randomly select a point in the Pareto-frontier. AutoTuner
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uses the EI of HV as the acquisition function. For Recommender, we randomly sample and evaluate
the initial points, then use them as the training set to train a neural network. After training, we
randomly sample thousands of candidates, predict their QoRs with the neural network, and select
the samples with the highest sums of the estimated PPAs to evaluate the QoRs.

We apply REMOTune to the parameter tuning for RISC-V processors, RISCV32I [25], Ibex [13],
and Rocket [4]. The technology node is TSMC 65nm. The benchmarks RISCV32I, Ibex, and Rocket
have 7.6k, 8.1k, and 14.2k cells, respectively. We set the target clock periods to be 7.6ns, 7.4ns, and
5.6ns, respectively. In our experiments, BO, FIST, PTPT, and AutoTuner have 64 samples for ini-
tialization and 256 iterations for optimization. Following the settings in the papers, these methods
submit one trial at each iteration because they are designed to optimize the parameters sequen-
tially. Recommender is not a sequential optimization algorithm. Thus, we can pre-train the model
with 4,096 random samples and use 256 points in the tuning process. The training data can be eval-
uated in parallel. However, due to the lack of efficient sampling method, Recommender encounters
many inferior points that have unsatisfactory QoRs. Only a small portion of samples can achieve
acceptable results. As for REMOTune, we use 64 samples for initialization and 128 iterations for
optimization. REMOTune uses less iterations to prevent it from using more total runtime than oth-
ers, since the EDA tools dominate the total runtime and the non-dominated sorting mechanism
spends more time on the synthesis flow. We use an embedding size of 16, a batch size of 8, and
4 TRs for RISCV32I and Ibex. For Rocket, we use an embedding size of 32, a batch size of 8, and
8 TRs. REMOTune uses up to 256 threads. Each instance of EDA flow uses four threads. We observe
that it is harder to improve the QoRs on Rocket than on other benchmarks. Thus, we use a large
embedding size and more TRs on Rocket to enable a more fine-grained and thorough search. One
possible reason of the difficulty may be that Rocket contains much low-level verilog code gener-
ated automatically, which limits the optimization space of the synthesis flow. In addition, we use
only 64 iterations on Rocket to reduce the runtime.

To evaluate the scalability of REMOTune, we also test the methods on BlackParrot [24] and
Boom [33] processors, which have 43.2k and 3.68m cells, respectively. Since large benchmarks cost
much more time to run the EDA flow, we reduce the numbers of initialization points and opti-
mization iterations. On BlackParrot, we use 1/8 initialization points and optimization iterations
compared to RISCV32I. On Boom, we further limit the number of iterations to be 4 for REMOTune
and 8 for others.

The baseline result is obtained with the default parameter values determined by the tools. To
evaluate the parameters, we compute the percentages of minimum clock period, total power, and
total area of the standard cells to the baseline. Following AutoTuner, we get these results by pars-
ing the reports from the EDA tools. The following metrics are used to compare the parameter
tuning methods: HV, maximum performance improvement (MPI1), maximum power im-
provement (MPI2), maximum area improvement (MAI), maximum performance-power
improvement (MPPI), and maximum performance-area improvement (MPAI). To compute
the HV, we use [150.0, 150.0, 150.0] as the reference point. MPI1, MPI2, and MAI are the maximum
improvement of minimum clock period, power, and area, respectively. MPPI is the maximum im-
provement of the product of the minimum clock period and the minimum power. MPAI is the
maximum improvement of the product of the minimum clock period and the minimum area.

4.2 Comparisons with SOTA Methods

Figure 5 shows the comparison of REMOTune with existing methods on the RISCV32I benchmark.
The models are initialized before Iteration #0 and the results at Iteration #0 are computed according
to the initial points and the first batch of points sampled by the trained models. Although most
methods have the same number of initial points, REMOTune can achieve a better exploration of the
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Fig. 5. Comparison of different methods on the RISCV32I benchmark. The metrics are (a) hypervolume; (b)
MPI1; (c) MPI12; (d) MAL; (e)MPPL. (f)MPAI. Random embedding enables REMOTune to have a better initial-
ization with limited initial samples. REMOTune achieves a better HV than other methods, which indicates
that the proposed method can find a better Pareto-optimal set. REMOTune also has the best MP12, MAI,
MPPI, and MPAI among the methods.

search space due to the effective dimensionality reduction. It reduces the dimensionality to 16 and
thus it can roughly characterize the space with 64 initial samples. Therefore, REMOTune shows
better performance than others after initialization. On the contrary, a limited number of initial
samples is not enough for the 134-dimensional parameter space, and most methods do not perform
well at the beginning. REMOTune can enable an efficient exploration of the parameter space with
faster convergence and parallelism. Since the search space is smaller and the TRs support parallel
exploration, it can achieve better results within fewer iterations.

As shown in Figure 5, the proposed method achieves obviously better HV than others, which in-
dicates that it can obtain a better Pareto-optimal set. Compared to AutoTuner, the proposed frame-
work has a 4.4% improvement on HV, a 17.6% improvement on MPPI, and an 8.5% improvement
on MPAL BO achieves a good MPI1, but does not perform well on other metrics. Figure 6 shows
the curves of HV and MPPI with respect to the EDA flow budget (parallel runs X iterations). The
most significant gains in HV and MPPI come from the first few hundred samples, corresponding
to the beginning iterations.

Tables 2, 3, and 4 present the comparison of parameter tuning methods on RISCV32I, Ibex, and
Rocket benchmarks, respectively. HV, 1, HV 2, and HV; ; denote the performance-power HV,
performance-area HV, and power-area HV, respectively. These metrics can evaluate the ability
to explore the objective subspaces. On all benchmarks, REMOTune achieves better HVs than
existing methods, which indicates that the proposed method can find better Pareto-optimal sets.
REMOTune acquires 4.17%, 4.94%, and 7.33% higher HVs than AutoTuner on RISCV32I, Ibex, and
Rocket benchmarks, respectively. In terms of HV 1, HV 2, and HV; 5, REMOTune also achieves
the best results, which indicates that the proposed method can explore the objective subspaces
better than others. Although some methods can obtain better results in individual directions,
their limited ability to explore multiple QoR objectives simultaneously results in lower HVs than
the proposed method.
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Fig. 6. The curves of (a) hypervolume (b) MPPI with respect to the EDA flow budget (parallel runs X itera-

tions).

Table 2. Comparison of Parameter Tuning Methods on RISCV32I Benchmark

Method FIST [32] Recommender [18] BO [20] AutoTuner [16] PTPT [14] Ours

HV(10°) 1.57 1.55 1.63 1.68 1.48 1.75
HV(,1(10%) 2.85 2.72 3.00 2.95 2.70 3.05
HV,2(10%) 2.94 2.99 3.00 3.07 2.95 3.12
HV »(10%) 2.97 2.97 3.00 3.14 2.79 3.23
MPI1(%) 3.16 2.54 5.00 3.81 3.56 4.38
MPI2(%) 3.90 2.12 5.12 5.23 0.85 6.27
MAI(%) 5.47 7.18 4.64 7.10 5.15 7.45
MPPL(%) 6.94 4.51 9.88 8.83 4.37 10.38
MPAI(%) 8.46 9.53 9.41 10.63 8.52 11.53

Table 3. Comparison of Parameter Tuning Methods on Ibex Benchmark

Method FIST [32] Recommender [18] BO [20] AutoTuner [16] PTPT [14] Ours

HV(10%) 1.54 1.42 1.52 1.62 1.53 1.70
HV,1(10%) 3.24 3.13 3.19 3.44 3.23 3.54
HV,2(10%) 2.86 2.64 2.83 2.92 2.81 3.07
HV, 5(10%) 2.61 2.47 2.59 2.65 2.59 2.68
MPI1(%) 10.26 8.30 9.47 11.89 10.29 14.03
MPI2(%) 4.19 4.20 3.84 5.74 4.49 5.35
MAI(%) -1.83 -4.36 -1.74 -2.42 -2.33 -1.62
MPPI(%) 14.02 12.15 12.84 16.95 14.32 18.63
MPAI(%) 8.62 4.30 7.89 9.76 8.20 12.84

Figure 7 shows the results of the methods on BlackParrot and Boom, where REMOTune
achieves the highest HVs on both large benchmarks. Due to the limited number of iterations,
most methods do not perform well on these large testcases. On BlackParrot, REMOTune, and
Recommender have outstanding results. A common feature of these two methods is parallelism,
which can explore more points than others within a few iterations and contribute significantly to
the performance. However, since the number of samples is further reduced on Boom, Recommender
cannot maintain the high performance. With the dimension reduction mechanism, REMOTune can
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Table 4. Comparison of Parameter Tuning Methods on Rocket Benchmark

Method FIST [32] Recommender [18] BO [20] AutoTuner [16] PTPT [14] Ours

HV(10°) 1.47 1.19 1.35 1.50 1.31 1.61
HV,,1(10%) 3.03 2.79 2.93 3.16 2.85 3.35
HV,,2(10%) 3.02 2.75 2.94 3.16 2.84 3.18
HV 2(10%) 2.42 1.85 2.19 2.23 2.20 2.51
MPI1(%) 12.38 14.50 13.44 16.72 11.97 16.11
MPI2(%) —-0.51 —6.70 —-2.99 —2.42 -2.83 1.57
MAIL(%) -1.01 -7.25 -3.32 -2.55 -3.39 -1.31
MPPI(%) 11.93 8.77 10.85 14.70 9.48 17.43
MPAI(%) 11.50 8.30 10.67 14.60 8.99 15.01
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Fig. 7. Comparison of the methods on (a) BlackParrot; (b) Boom. We use the abbreviations F., R., B., A., and
P. to represent FIST, Recommender, BO, AutoTuner, and PTPT, respectively. Due to the limited number of
iterations, most methods do not perform well on these large testcases.

better model the search space with a very limited number of samples. Thus, it can keep a high per-
formance on Boom. The experiments on large benchmarks show the effectiveness of REMOTune
and highlight the importance of dimensionality reduction and parallelism.

4.3 Parameter Importance Analysis

To understand the source of the QoR improvements from REMOTune, we compare the actual pa-
rameter values found by different methods. Due to a large number of parameters, we need to
focus on a few important parameters. We estimate the importance of the parameters with auto-
matic relevance determination (ARD) [31]. The evaluated parameters of REMOTune and the
QoR results are used as the inputs and outputs of ARD, respectively. Figure 8(a) presents the stan-
dard deviations of the parameters, which are the average values from 100 ARD models. A larger
deviation indicates higher importance. From the ARD analysis, we can observe that the timing ef-
fort, synthesis generic effort, and synthesis mapping effort are critical parameters for the RISCV32I
testcase. It is consistent with our intuition. We can also find that the default value for x state has
a significant impact on the QoRs, which is not an obvious conclusion we can gain from intuition.
In addition, the congestion effort and wire length optimization may not have large influences on
the results. Figuring out the important parameters helps us analyze the parameter values and gain
experience in parameter tuning.

Figure 8(b) shows the Pareto-optimal results of the tested methods on RISCV32I. REMOTune
gets multiple outstanding results, located in the lower left corner. Comparing the outstanding
QoRs of REMOTune with the others on the important parameters, we can understand the im-
provements from REMOTune. Table 5 shows the parameter values of a few representative points
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Fig. 8. Analysis of the results on RISCV32I. (a) Standard deviations of some parameters, obtained via au-
tomatic relevance determination. We use abbreviations S, GP, DP, and RT for synthesis, global placement,
detailed placement, and routing, respectively. (b) Ratios of the Pareto-optimal results of the tested meth-
ods to the baseline on performance and power. REMOTune gets multiple outstanding results, located in the
lower left corner.

Table 5. Comparison of Parameter Values Found by Different Methods on Rocket Benchmark

Point ID PI1 (%) PI2(%) AI(%) timing effort generic effort mapping effort defaultx wire length opt.
REMOTunel 2.8 5.1 2.1 medium high medium 1 medium
REMOTune2* 0.7 6.1 2.2 medium high medium 1 medium
REMOTune3 0.2 4.7 6.2 medium high express 0 medium
PTPT 1.4 -15 21 high medium high 1 medium
AutoTunerl 2.2 0.5 4.9 high high high 0 medium
AutoTuner2 0.6 2.4 3.2 high high high 1 medium
BO 1.0 -2.7 -0.3 medium medium medium 1 medium
Recommender 0.1 1.9 15 medium high express 1 medium
FIST 0.8 1.4 0.6 medium high express 0 high

*: Apart from the mentioned parameters, REMOTunel and REMOTune2 have many different parameter values. For ex-
ample, REMOTune2 uses pre-place optimization while REMOTunel does not. Thus, they have different QoRs.

found by different methods on RISCV32I, where PI1, P12, and Al refer to performance improve-
ment, power improvement, and area improvement, respectively. The parameters ‘timing effort’,
‘generic effort’, ‘mapping effort’, ‘default x’, and ‘wire length opt’ correspond to the five most im-
portant parameters shown in Figure 8(a). Note that the ‘express’ option provides a fast but not
thorough optimization. According to Table 5, AutoTuner prefers to use high timing, generic, and
mapping efforts, which can produce satisfactory results at the expense of runtime. As a result, Au-
toTuner can surpass PTPT, BO, and Recommender. REMOTune usually uses a high generic effort
with lower timing and mapping efforts, which can also lead to outstanding results. The massive
parallelism helps REMOTune to explore more possibilities under this setting and utilize the less
important parameters, such as the ‘enhanced global mapping’, to make further improvement.
Table 6 shows the top-5 important parameters on RISCV32I, Ibex, and Rocket benchmarks.
We use abbreviations S, F, GP, DP, and RT for synthesis, floorplan, global placement, detailed
placement, and routing, respectively. According to the table, the generic effort in synthesis is a
common important parameter among the three benchmarks. This finding highlights the impor-
tance of synthesis generic effort in the EDA flow. Density in floorplan is an important parameter
in larger designs Ibex and Rocket, as shown in Table 6. On RISCV32I and Ibex, we find some im-
portant parameters in the placement and routing processes, such as the timing effort in global
placement, the wire length optimization in detailed placement, and the timing-driven level in
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Table 6. The Five Most Important Parameters on RISCV32I, Ibex, and Rocket Benchmarks

Benchmark Parameter 1 Parameter 2 Parameter 3 Parameter 4 Parameter 5
RISCV32I  timing effort (GP) generic effort (S) mapping effort (S) default x (S) wire length opt (DP)
Ibex density (F) generic effort (S) force constant removal (S) aspect (F) timing driven (RT)
Rocket density (F) generic effort (S)  opt. constant 1 flops (S)  preserve sync. logic (S) opt. constant hpins (S)
1.1% 1.9% 2.8% o
99.9% f ., E AutoTuner (1.9%) g [Ditialisation
G P EDA Synthesis (22.0%) (OZE:A)) )
EDA Physical Design | (91;;‘;,‘)2&“0“
(76.1%)
76.7%j 76.1%j
97.2%
(a) (b) (c)

Fig. 9. Runtime breakdowns of (a) REMOTune, (b) AutoTuner on RISCV32I benchmark in the optimization
phase. (c) shows the ratios of runtime spent on the REMOTune’s initialization and optimization phases.
The total runtime is composed of the optimization, synthesis flow, and physical design flow runtime. For
the DSE methods, the bulk of the runtime is spent on the EDA flow. It takes less than 2% runtime of
REMOTune and AutoTuner to execute the optimization. The initialization phase of REMOTune takes less
than 3% of the runtime.

routing. These parameters can significantly affect the physical design flow and thus contribute a lot
to the QoRs on these two benchmarks. On Rocket, the majority of important parameters are from
the synthesis flow. Since the Verilog code of Rocket is generated automatically from the hardware
construction language at a higher level, there may be some redundancy in the code, which needs
to be optimized with synthesis options such as allowing constant 1 propagation through flip-flops
(opt. constant 1 flops), merging the synchronous control logic near the flip-flops (preserve sync.
logic), and allowing constant propagation through this hierarchical boundary pins (opt. constant
hpins).

4.4 Runtime Analysis

Figure 9(a) and Figure 9(b) present the runtime breakdowns of REMOTune and AutoTuner on
RISCV32I benchmark. The total runtime includes the optimization, synthesis flow, and physical
design flow runtime. According to the figures, most methods spend the bulk of their runtime on
the EDA flow. As an example, it takes less than 2% runtime of REMOTune to execute the optimiza-
tion process. Figure 9(c) shows the ratios of runtime spent on the REMOTune’s initialization and
optimization phases. The initialization phase takes only 2.8% of the runtime. Most of the runtime
is consumed by the optimization phase.

Figure 10 shows the runtime comparison of the optimization methods. Recommender takes the
shortest runtime due to the simple sampling mechanism, parallel evaluation, and the fast training
of the neural network model. Due to the simple surrogate models and acquisition functions, FIST
and BO are also fast within a limited number of iterations. Although REMOTune is not the fastest
method, it is able to explore significantly more points and achieve much better performance.

4.5 Ablation Studies

REMOTune achieves better performance than others with the help of random embedding and
multi-objective trust-region BO. Random embedding limits the size of the search space, which
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Fig. 10. Runtimes of the tested algorithms on (a) RISCV321I, (b) Ibex, and (c) ROCKET benchmarks. We use the
abbreviations F., R., B., A., and P. to represent FIST, Recommender, BO, AutoTuner, and PTPT, respectively.
Due to the simple models, FIST, Recommender, and BO achieve small optimization runtimes. REMOTune
has a moderate runtime, which is still shorter compared to the EDA flow runtime.
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Fig. 11. Ablation study results. (a) compares REMOTune with and without random embedding. REMOTune
with random embedding has significantly less runtimes than REMOTune without dimensionality reduction.
(b) compares REMOTune and MOTPE with 16-dimensional inputs given the same number of evaluated sam-
ples. After dimensionality reduction, MOTPE is still slower than REMOTune, which shows the high efficiency
of trust-region BO.

effectively reduces the runtime of the optimization algorithm. With a limited number of iterations,
it is easier to make a thorough exploration in a smaller space. Multi-objective trust-region BO
enables parallel optimization, which can explore multiple points at each iteration. By optimizing
in decoupled TRs, the runtime of multi-objective trust-region BO can be limited to an acceptable
range.

Figure 11(a) compares the runtimes of an optimization iteration with and without random em-
bedding. According to the results, random embedding can significantly save the runtime of the op-
timization algorithm. Moreover, due to the excellent parallelism of trust-region BO, we can explore
many points in limited iterations of optimization. Figure 12 presents the performance compari-
son. With a limited number of data points, random embedding helps REMOTune to make a thor-
ough exploration, achieving significantly better performance than the algorithm without random
embedding.

In our experiments, REMOTune can explore 4,096 points in 128 iterations. The runtime of a
sequential optimization algorithm can become unaffordable for so many data. Although random
embedding is applicable to other multi-objective BO methods, their runtimes may be unsatisfac-
tory without trust-region BO. In Figure 12(b), we compare the runtimes per iteration of REMOTune
and MOTPE. In this experiment, both methods have 16-dimensional inputs. REMOTune exhibits
lower runtimes than MOTPE, which shows the high efficiency of trust-region BO.
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Fig. 12. Ablation study that compares REMOTune with and without random embedding on (a) Hypervolume;
(b) MPIT; (c) MPI2; (d) MAL With random embedding, REMOTune can make a more efficient exploration in
the search space, resulting in significantly better performance.

5 CONCLUSION

To enable parameter tuning in an enormous space, we have proposed REMOTune, a parameter tun-
ing framework for VLSI design flows, which reduces the number of variables for the optimization
algorithm via random embedding and explores Pareto-optimal tool parameter configurations in
parallel by multi-objective trust-region BO. In our experiments, the proposed framework achieves
better performance than existing methods. The extraordinary parallelism and efficient optimiza-
tion of REMOTune enable the exploration of more points in limited runtime, resulting in better
performance than existing methods. It also has other possible advantages such as the robustness
against the non-determinism in EDA tools. REMOTune requires less iterations than existing meth-
ods to get a satisfactory result because it not only has better initialization under the same number
of initial samples but also achieves a faster convergence. Thus, it is also suitable for larger designs.

In the article, we have highlighted the importance of dimensionality reduction and parallelism
in VLSI design flow parameter tuning. Moreover, noticing the domain-specific feature that the
front-end flow usually costs less time than the back-end flow, we have designed a pruning rule
to take advantage of this property. In future works, we expect to explore the methods to map
the parameters to a space with low dimensionality. Techniques like singular value decomposi-
tion (SVD) and sparse coding can be adopted. Besides, a better BO algorithm that incorporates
domain-specific knowledge can be utilized to further improve the efficiency of parameter tuning.
To enhance the scalability of parameter tuning algorithms, we can embrace asynchronous parallel
optimization to enable large-scale optimization on distributed computing systems. The optimiza-
tion about technology nodes is done by the EDA tools and exposed to our algorithm as tool pa-
rameters. Since our method is process-agnostic, it can be appied to more advanced processes by
adding the process-specific parameters.

The code of REMOTune is available at https://github.com/shelljane/REMOTune. We plan to sup-
port the open-source platform OpenROAD [2] soon.
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