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Abstract

Automated processor design, which can signifi-
cantly reduce human efforts and accelerate design
cycles, has received considerable attention. While
recent advancements have automatically designed
single-cycle processors that execute one instruction
per cycle, their performance cannot compete with
modern superscalar processors that execute multi-
ple instructions per cycle. Previous methods fail on
superscalar processor design because they cannot
address inter-instruction data dependencies, leading
to inefficient sequential instruction execution.

This paper proposes a novel approach to auto-
matically designing superscalar processors using a
hardware-friendly model called the Stateful Binary
Speculation Diagram (State-BSD). We observe that
processor parallelism can be enhanced through on-
the-fly inter-instruction dependent data predictors,
reusing the processor’s internal states to learn the
data dependency. To meet the challenge of both
hardware-resource limitation and design functional
correctness, State-BSD consists of two components:
1) a lightweight state-selector trained by simulated
annealing method to detect the most reusable pro-
cessor states and store them in a small buffer; and
2) a highly precise state-speculator trained by BSD
expansion method to predict the inter-instruction de-
pendent data using the selected states. It is the first
work to achieve the automated superscalar processor
design, i.e. Q1 Meng—CPU-v2, which improves the
performance by about 380 x than the state-of-the-art
automated design. The resources are open-sourced
at https://qimeng-ict.github.io.

1 Introduction

Designing processors automatically has long been a very at-
tractive problem without much success, as processors are con-
sidered the most complicated man-made objects. Recently,
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Figure 1: An example of breaking data dependencies by a pre-
dictor in the superscalar processor design. (a) For the program
slice (Inst.1 and Inst.2) under Read-after-Write (RAW) dependency,
without any predictors, these two instructions have to execute one
after another. (b) With the data dependency predictor, the predicted
data of register 1 can be obtained in advance by Inst.2 so that it is
no longer blocked by Inst.1.

there have been significant advancements in automated pro-
cessor design where state-of-the-art machine learning meth-
ods successfully design single-cycle processors [Cheng et al.,
2024; Fu et al., 2023; Blocklove et al., 2023]. Single-cycle
processors, however, are inherently limited in performance as
they can only execute one instruction per cycle. Therefore, the
design of single-cycle processors is merely the initial step to-
ward modern practical processors—precisely, superscalar pro-
cessors— capable of executing multiple instructions per cycle.
Currently, existing automated design methods cannot achieve
superscalar processor design because they disregard the inter-
nal states in the processor. These internal states contain crucial
information about the inter-instruction dependencies, which
are inevitable for allowing instruction-level parallelism.
According to the human design paradigm, inter-instruction
dependencies can be disentangled by predicting the dependent
data on the fly. Specifically, a predictor is deployed on the
hardware to 1) store the internal processor states in a buffer and
2) reuse them to predict dependent state transitions, thereby
transmitting the dependent data in advance. After that, instruc-
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tions with dependency can be executed in parallel for higher
performance. However, previous predictors designed by hu-
man experts require massive manual efforts to solve even a
tiny fraction of the data dependencies, inhibiting the automatic
design. Thus, learning a data dependency predictor is key to
achieving automated superscalar processor design.

Learning an on-the-fly dependent data predictor is chal-
lenging in two-fold, i.e., lightweight and high predicting pre-
cision. First, the designed predictor must be lightweight to
predict in real-time, requiring predictions to be made within
just 1-2 clock cycles in nanoseconds, despite the vast and high-
dimensional internal state space. This complexity limit makes
the current time-series prediction methods based on neural
networks, such as RNN, LSTM, and Transformer, ineffec-
tive [Han et al., 2019]. Second, the predictor’s precision must
be high enough to reach 100%-precise, as the designed pre-
dictor cannot be modified after the processor is manufactured.
If the predictor predicts dependent data wrong, the design
functionality is incorrect and cannot pass the strict verification
process for processor design.

In this paper, we propose to automatically design a super-
scalar processor by learning data dependencies with a novel
hardware-friendly machine learning model Stateful Binary
Speculation Diagram (State-BSD). Surpassing the state-of-
the-art automated processor design method Binary Specula-
tion Diagram (BSD), State-BSD captures the inter-instruction
dependencies with a small set of reusable states. In this way, it
can be trained to design a highly precise on-the-fly predictor in
the processor for instruction-level parallelism, consisting of 1)
a lightweight state-selector to select the reusable processor’s
internal states and store them in a small buffer and 2) a highly
precise state-speculator to accurately speculate the state transi-
tion and predict the dependent data. More specifically, to meet
the lightweight challenge, a small set of states are selected
from the vast high-dimensional processor internal-state space
by simulated annealing, and stored in a small buffer for further
reuse. To meet the precision challenge, the state-speculator
uses the Binary Speculation Diagram method to precisely
speculate the predictable dependencies with buffered states.
According to the human design paradigm, the dependent data
can be separated into predictable dependencies and unpre-
dictable dependencies. The state-speculator can 100%-precise
predict the predictable dependencies with BSD expansion,
which is proved in the previous work [Cheng et al., 2024],
meanwhile bypassing the unpredictable dependencies to avoid
the potential functional errors caused by misprediction. With
State-BSD, we can automatically design an on-the-fly predic-
tor for instruction-level parallelism, in which the predictable
dependent instructions can be paralleled by predicting the
dependent data, as shown in Figure 1.

The proposed automated processor design framework
is applied on a large-scale real-world RISCV-32IA CPU,
QiMeng-CPU-v2. The performance of the designed CPU
significantly outperforms the state-of-the-art automated de-
sign CPUs [Cheng et al., 2024] by 382x and is comparable
to the modern human-design superscalar processor, i.e., ARM
Cortex A53. It has already been validated on the FPGA to
successfully run real-world programs including the Linux Op-
erating System and SPEC Benchmarks, and we are taping it
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out with 28nm technology. To our best knowledge, this is the
world’s first superscalar CPU automatically designed by Al
This paper makes the following contributions:

* We formulate the automated superscalar processor de-
sign as a machine-learning problem for predicting the
dependent data for instruction-level parallel.

* we propose a novel model State-BSD to capture the inter-
instruction dependencies with processor states to learn
the data dependencies.

* We automatically design a superscalar RISCV-32IA CPU,
i.e. QiMeng-CPU-v2, with State-BSD. The designed
processor outperforms the state-of-the-art automated de-
sign methods by 382 and is comparable to modern
human-designed CPUs.

2 Problem Statement

We first formalize the definition of the superscalar processor
design and demonstrate how inter-instruction dependencies
decrease the processor performance. Then, we transfer the su-
perscalar processor design problem to a machine learning prob-
lem, i.e., learning to predict inter-instruction dependent data
with processor states. We demonstrate that a high-precision
predictor can ensure the functional correctness of the super-
scalar processor design and optimize its performance.

2.1 Superscalar Processor Design

A processor can be regarded as a finite-state machine that
functionally transitions from a current state to the next state,
triggered by the input instructions. So, we define the functional
specification of a single-cycle processor as follows:

Definition 2.1. (Single-cycle Processor) Given an state space
set U = {{0,1}*}, k is the dimension of the state space; an
input instruction space set & = {{0,1}"}, m is the dimension
of the input instruction space. The functional specification of
a single-cycle processor is

Processor : ¥ x & — . )

Correspondingly, a Program contains a sequence of input
instructions P = [¢p!, ¢2,--- ,¢"], 0" € ®,i = 1,2,--- ,n,
and an initialized processor state 1)". The specification defines
the processor’s functionality, executing the program and tran-
sitions as a trace ¥°, ¢!, -~ Y™, Yt € ¥,i =0,1,--- ,n.

According to these definitions, we can evaluate the perfor-
mance of processor design, i.e., the average execution latency
of arbitrary instructions, with cycles per instruction (CPI).
As a single-cycle processor cannot parallel the transition, we
define L(v%, ¢") as the latency of the state ¢)* with an in-
struction ¢', and thus the average execution latency of the
single-cycle processor for the program is CPI(Processor) =
>io L(W*, ¢%)/n.

Since single-cycle processors can only execute one instruc-
tion at the same time, their performance is limited. On the
other hand, superscalar processors can execute multiple input
instructions in one single clock cycle and conceal the execu-
tion latency, defined as:
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Definition 2.2. (Superscalar Processor) Given an state space
set U = {{0,1}*}, k is the dimension of the state space; an
input instruction space set & = {{0, 1} }, m is the dimension
of the input instruction space; a maximum parallelism degree
p. The functional specification of a superscalar Processor is

Processor, : ¥ x ®P — U, 2)

In this way, the latency of the superscalar processor with
state 1¢ and the next state 1/**! can be defined as L, (¢!, ¢%),
which is not greater than the single-cycle processor L(1¢, ¢%).
In the superscalar processor, L, (%, ¢*) = L(1)%, ¢*) only if
the instruction cannot be paralleled, i.e., cannot execute until
the last instruction finishes executing, such as data is occupied
due to data dependency, or all the execution units are occu-
pied. So the average execution latency of the superscalar
processor is CPI (Processors) = Y1 Ls(¢" ¢")/n <
CPI (Processor). Precisely, the latency L is determined
by data dependencies, especially the Read-after-Write ones.
According to this definition, Ly > L/p reaches the minimum
if and only if there are no dependencies in the execution trace.
With more dependent data handled by the predictor, the per-
formance of the superscalar processor improves. In the next
section, we further quantify how the dependent data predictor
affects the superscalar processor performance.

2.2 Managing Inter-Instruction Dependencies:
Learning a High-precision Predictor

Inter-instruction data dependencies can be resolved by pre-
dicting the dependent data with a predictor. By transmitting
the dependent data in advance, dependent instructions can be
executed in parallel, thereby reducing execution latency. In
this section, we analyze the performance improvement gained
by the data dependency predictor.

Inspired by the human design paradigm, we categorize all
dependent data into two groups: predictable data and unpre-
dictable data. Some dependencies may be extremely chal-
lenging to predict, so the human-designed predictors strike
a balance between the design cost and performance, inten-
tionally bypassing dependencies deemed “unpredictable” to
avoid the risks associated with potential mispredictions. As
a result, the predictor is measured by two primary metrics:
coverage (C) and precision (Pr). We demonstrate that design
correctness is affected by the precision Pr, while the design
performance of the superscalar processor is affected by C.

The design correctness of the superscalar processor. We
first define the positive/negative (P/N) and true/false (T'/ F’)
in the dependent data predictor and then define the predictor’s
precision and explain how precision impacts design correct-
ness. For dependent data, positive/negative (P/N) indicates
whether the predictor outputs a prediction for the processor
(P) or considers it as unpredictable(N). True/false (T/F)
indicates whether the output of the predictor is the same as the
perfect-predicting oracle, i.e., the prediction is T satisfying the
following two conditions, and F' otherwise: 1) if the data is
predictable, the predictor outputs the same data as the oracle,
and 2) if the data is unpredictable, the predictor does not output
a predicting data. The precision of the predictor Pr is the True
Positive prediction in all the positive predictions (including

the True Positive (7' P) and False Positive (£'P) predictions),
ie.,, Pr=TP/(TP + FP). Precision is the principal target
in training the predictor, mainly due to the imbalance between
the two types of mispredictions: the F'P and F'N, where F'P
costs much more than F'N and is not affordable in the super-
scalar processor design. A False Positive (F'P) occurs when
the predicting result differs from the perfect-predicting oracle,
meaning it incorrectly identifies unpredictable, dependent data
as predictable or transmits the wrong prediction to the pro-
cessor. In this way, the processor can be functionally wrong
and cannot pass the functional verification. On the other hand,
a False Negative (F'N) occurs if the dependent data is pre-
dictable but the predictor mis-consider it as unpredictable. In
this way, the processor stalls the execution redundantly with
one clock period performance loss while keeping the design
correct. To design an accurate superscalar processor, the pre-
cision of the dependent predictor needs to be 100%; Given
the disproportionate impact of false positives (¥'P) compared
to false negatives (F'IN), the proposed method trades off the
predictors recall Re = TP/(TP+ FN) for a 100% precision
Pr =TP/(TP + FP), guaranteeing the design correctness
of the superscalar processor.

The design performance of the superscalar processor.
The design performance of the superscalar processor is af-
fected by the coverage C' of the predictor, i.e. the number
of the predictable data output from the predictor of all the
possible dependent data. With a data dependency in the pro-
cessor state 1)* with an instruction ¢, the latency L(1)?, ¢*) =
L(v%, %) if there is no prediction in the superscalar proces-
sor. With the lightweight predictor successfully predicting the
dependent data, the serial execution can be paralleled, and
reduce the execution latency from L (1%, ¢?) to the prediction
latency L, L, < L(¢%, ¢"). So the more dependent data is
correctly predicted, the more performance improvement in
the superscalar processor. In this way, the coverage of the
prediction becomes the key to the automated superscalar pro-
cessor design performance. For a superscalar processor with
predictor Processor,, if the coverage of the predictor is C,
then the average performance CPI (Processor,,) is optimized,
CPI(Processory,) = L, x C+CPI(Processor) x (1-C)) <
CPI(Processor)

3 Methodology

Based on the problem statement, we propose an automated
superscalar processor design flow with a high-precision depen-
dent data predictor, which is learned with a novel hardware-
friendly model Stateful Binary Speculation Diagram (State-
BSD). In this section, we 1) first illustrate the design overview
showing how to design the superscalar processor with depen-
dent data predictor, and 2) then introduce the details about
how to train the predictor and implement it in the hardware.

3.1 Design Overview

In this section, we provide an overview of the design, specifi-
cally focusing on how the superscalar processor is constructed
with a learned data predictor.

The input of the design flow is a single-cycle proces-
sor, which can be automatically designed by the previous
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Figure 2: The design overview. (a) The automated designed superscalar processor. It consists of a predictor automatically designed by
State-BSD and k execution units. Every clock cycle, the predictor outputs m indicating how many instructions can be execute in parallel,
and U indicating the predicted dependent data. (b) The hardware implement of the dependency predictor, consisting of two components:

the state-selector and state-speculator. The state-selector is a multiple

xer with small buffer, and the state-speculator is a high-precision

combinational module. (c) Train the dependency predictor with State-BSD: The selector is trained by simulated annealing, and the speculator

is trained by BSD expansion.

works [Cheng et al., 2024], and the output of the design flow
is a superscalar processor. The design flow designs a depen-
dency predictor to control the instruction-level parallelism
with multiple execution units, as illustrated in Fig. 2 (a). For a
processor with n execution units, in the clock cycle, the pre-
dictor checks the following n instructions to be executed and
whether their operands can be predicted. If the predictor can
predict all the data of the following m instructions (m < n),
the superscalar processor executes m instructions in parallel.

Following the paradigm of human-designed processors, we
identify three types of dependency potentials: the data de-
pendency in the load/store unit for memory (MEM), the data
dependency in the program counter for instructions (PC), and
the data dependency in general purpose registers (GPR). Ac-
cordingly, we propose three sub-predictors, each dedicated to
one of these data dependencies. For each sub-predictor, its
input is the instruction ¢, the current processor states ¢, and
its output is a control signal m indicating the dependent data in
the following m instruction can be predicted by the predictor,
along with the predicting data itself. For an ongoing instruc-
tion, it can be predicted by the dependent predictor if and
only if all three sub-predictor can predict the corresponding
potential dependent data.

For hardware implementation, we train these three sub-
predictors independently (details of the training process are in
Section 3.2) and implement them using Verilog code. All the
sub-predictors are implemented as a combinational module
and then integrated into the processor. The training phase must
ensure the design’s correctness, as the implementation cannot
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be modified after the processor is manufactured.

3.2 Train the Data Predictor with State-BSD

We propose a novel model Stateful Binary Speculation Dia-
gram (State-BSD) to train the on-the-fly predictor, which is
conducted by a lightweight state-selector and a high-precision
state-speculator to predict the dependent data. This method en-
sures the predictor is executed on the fly without too much ex-
tra hardware cost while maintaining the processor’s functional
correctness. As shown in Fig 2 (b), the state-selector consists
of a combinational module that chooses the most reusable
states and a small buffer storing the selected states. The state-
speculator is a combinational logic module that reuses the
buffered states to predict the dependent data. These two com-
ponents have little hardware overhead compared with the size
of the entire processor design.

We propose two training methods for these two components
of the State-BSD, as shown in Fig 2 (c). The state-selector is
trained with a simulated annealing method, searching for the
most reusable states to ensure that the predictor maintains ef-
fectiveness with only a small state-buffer. The state-speculator
is trained with a Binary Speculation Diagram (BSD), which is
proved in the previous work that the precision can be boosted
to over 100%, thereby ensuring the design’s overall correct-
ness. Although the training method is too complex to imple-
ment in the hardware, it runs before the processor is manu-
factured: only the trained components, the state-selector and
state-speculator, are implemented on the hardware.

a. State-selector: select the most-reusable states with
Simulated Annealing, and store them in a small buffer. The
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state-selector automatically chooses the most reusable states
S for prediction and stores it in the state-buffer. Inspired by
the human-designed paradigm, i.e., the Least Recently Used
(LRU) based methods in the buffer designs, State-BSD aims
to select a set of processor states that are reused the most fre-
quently. Furthermore, the reusability of a set of selected states
can be measured with a software simulator: given a sequence
of instructions, record the dependent data of each instruction
and compare it with the selected states; the reusability of the
chosen state set is determined by the ratio of dependent data
that matches the selected state set to the total dependent data.

The state-selector is trained by a simulated annealing
method, starting with a randomly selected set of states Sy,
and iteratively updates the selected state set to optimize the
energy function ( i.e. the reusability of the selected states).
Finally, the iteration ends when the updating method cannot
find another set of the selected states with lower energy. In the
k-th iteration of the simulated annealing, the proposed method
aims to update the selected set of states from Sy to Sk41 to
decrease the energy function E. It first randomly samples a
set of states Sk, which contains a small change on the starting
set of states Sy, then calculate the energy function E(Sy/).
If E(Sy/) < E(Sk), showing that Sy is a more reusable set
of states, Sy is taken to update the selected set of states, i.e.
Sk+1 = Sks. Otherwise if E(Sy/) > E(Sk), Sy is taken to
update the selected set of states with an adaptive probability

E(S,1)—E(Sy) . .

P =e~— 7, where T is an adaptive hyperparameter
decreases when k increases, showing that S is more likely
to be taken to update if it has better reusability. If Sy is not
taken to update, the proposed method re-samples a new set
of selected states with the same sampling method and contin-
ues the iteration. If the re-sample time reaches a threshold
and S}, eventually cannot be updated, the simulated annealing
method finishes and outputs Sy as the final result, i.e., the
selected set of most reusable states. We then automatically
implement the state-selector in the processor hardware design
(only the trained selector itself is implemented on hardware;
the simulated annealing method is for training and not hard-
ware implemented). The selecting logic is a combinational
multiplexer whose input is all the possible internal processor
states, and the output is a small set of selected states. The
selected state set is stored in a small buffer, and these selected
states are used as the input of the state speculator.

b. State-speculator: a highly precise combinational mod-
ule designed with speculative graph expansion. With the
buffered data, the state-speculator aims to predict the depen-
dent data precisely with the reusable data. The state-speculator
is a combinational module whose input includes the current
input instruction ¢ and the selected states in the buffer S, and
output includes the predicted dependent data D and a single-
bit controlling signal C' that whether the predicting data is
valid. During training, since the perfect predicting result can
be obtained by simulation, we can obtain a perfect predicting
oracle F : {¥, S} — D with only input-output observations.
Unfortunately, the perfect predicting oracle is a simulated
result and cannot be implemented on the hardware. In this
way, our goal is to design a highly precise hardware-friendly
speculator G : {¥, S} — {D, C?} from the input-output ob-
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servations of the perfect predicting oracle F'. We formalize
the problem as follows:

Definition 3.1. (Highly-Precise Logic Regression) Given
a logic function F : {¥,S} — D with only input-output
examples, design a logic function G = {G 4, G.}, where G :
{U,S} = Dand G. : {¥,S} — {0,1}, such that for every
Y eV se S (Ga(,s) =F(ih,5) V(Gelh,5) = 1).

This problem is solved with an existing model called Binary
Speculation Diagram (BSD) [Cheng et al., 2024]. Starting
from a root-speculated node, the speculator is trained by it-
eratively expanding one speculated node into two sub-nodes
separated by the selected states in the buffer .S, according to
the Boolean Expansion Theorem [Boole, 1854]. It is proved
that with more nodes expanded, the precision of the speculator
increases and can finally reach 100% [Cheng er al., 2024].
The speculator ends training until the precision is 100%.

After training the state-speculator, the precision of the pre-
dictor can be verified with an SMT solver to guarantee the
design’s correctness. If the design is not formally precise, the
state-speculator requires an incremental training phase with
more input-output examples until it passes the formal verifica-
tion. The SMT solver is only used for verification and is not
implemented in the processor hardware design.

3.3 The difference between the BSD and State-BSD

The state-of-the-art automated processor design method BSD
can only design combinational functions with input-output
examples and thus cannot manage the Read-after-Write de-
pendencies in the design. In this way, it can only be used to
design single-cycle processors without any invisible states.

State-BSD aims to learn the inter-instruction dependency,
and requires the internal processor states during the execution.
To fill the gap between the vast state space and limited hard-
ware resources, it selects the most reusable states and stores
them in a small buffer. With the buffered data, State-BSD takes
advantage of the high-accuracy guarantee from the BSD and
designs a high-precision state-speculator. With the extra us-
age of the state information, State-BSD is an extension of the
current BSD method, which can handle the data dependency
while maintaining high design accuracy.

4 Evaluation

In this section, we evaluate the proposed State-BSD method
in terms of the processor design performance, the predictor
effectiveness, and the efficiency of the State-BSD compo-
nents. First, we compare State-BSD with the state-of-the-art
automated processor design methods. Second, we compare
State-BSD with the human design paradigm. Third, we make
a detailed algorithm analysis for the State-BSD, demonstrating
the effectiveness of every State-BSD component.

We evaluate the State-BSD on a large-scale, real-world
RISCV-32IA CPU, outperforming the largest-scale proces-
sor that state-of-the-art automated methods can design. It
is the second version of the automated CPU design after
the one proposed in [Cheng er al., 2024], and it is called
QiMeng-CPU-v2. Our design is a 4-ALU superscalar de-
sign with a 2KB buffer in each predictor. The CPU is function-
ally correct on over 10*2 instructions on real-world programs,
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Component Area (um?) (%) Power (mW) (%)
Superscalar CPU  798525.92 100.00 271.84 100.00
Combinational 715,757.28 89.63 55.28 20.34
Register 82,768.64 10.37 216.56 79.66

Table 1: Hardware characteristics of superscalar processor.

including Linux System, SPEC CPU Benchmark, and others.
Additionally, the CPU is taping out with 28nm technology;
the hardware characteristics are shown in Table 1.

The designed CPU is evaluated on the standard CPU bench-
marks, Dhrystone [Weicker, 1984] and Coremark [Coremark,
2024], measured by both the benchmark result and the corre-
sponding Cycles per Instruction (CPI) on both Xilinx Zynq
UltraScale+ ZCU104 FPGA and commercial simulation tools.
The design and evaluation run on CentOS 7.8 with 2 Intel
Xeon Gold 6230 CPUs and 512G Memory. The simulated
performance on the FPGA is about 6.2M Dhrystones/s. To
the best of our knowledge, this paper is the first to achieve an
automated superscalar processor design, and it is currently the
best-performance processor design by Al

4.1 Comparison with the State-of-the-art
Automated Design Methods

We compare the proposed State-BSD method with the state-of-
the-art automated processor design methods, including the Re-
inforcement Learning [Roy er al., 2021], Decision Trees [Chen
et al., 2020], LLMs [Blocklove et al., 2023] and BSD expan-
sion methods [Cheng et al., 2024]. The results are shown in
Table 2, in which the scale is measured by the number of logic
gates, and performance is measured by the Dhrystone score.
The CPU design performance. The CPU design perfor-
mance is evaluated with its Dhrystone benchmark score, as
shown in Table 2. The most state-of-the-art automated de-
signed CPU, Enlightenment-1, designed by BSD expansion
methods [Cheng er al., 2024] is a single-cycle RISCV CPU
whose throughput is about 16K Dhrystone/s, only compara-
ble to an Intel 486 CPU. For other methods, such as Neu-
ral Networks and Reinforcement Learning methods, they
cannot design accurate enough processors, i.e., accuracy
> 99.99999999999% [Bentley, 2001] as the human-design
CPU, so that the throughput is not available testing on stan-
dard benchmarks. With our proposed method with State-BSD,
the average throughput is about 6.3M Dhrystone/s, about
382x outperforming the state-of-the-art design. Experimental
results show that with the ability to use the stateful information
in the processor, State-BSD benefits from the dependant data
prediction, and outperforms the state-of-the-art methods.
The predictor effectiveness. We evaluate the predicting
coverage and precision with state-of-the-art methods. The
overall data predicting coverage of the proposed method is
70.47%, meaning that over 70% of the instructions can be
paralleled with its predecessor, and in these covered data,
the precision is 100%. More details and evaluations about
the predictor effectiveness are in section 4.3. We compare it
with the predictor designed by the state-of-the-art methods.
However, we notice that all the state-of-the-art methods cannot
reach 100% precision so they cannot design functional-correct

Throughput
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Figure 3: CPU performance comparison with the state-of-the-
art. We compare the performance of the automated designed CPU
designed by our method and the state-of-the-art. The red data points
are human-designed commercial CPUs with similar performance.
The result shows that our design is comparable to Arm Cortex A53
(2010s CPU), while the state-of-the-art automated design is only
comparable to Intel 486 (1990s CPU).

Methods Target Circuit Scale Performance
RL Adder [Roy et al., 2021] 118 NA
DT Circuit Modules [Chen et al., 2020] 186 NA
EL Circuit Modules [Rai et al., 2021] ~2500 NA
LLM 8-bit CPU [Blocklove ef al., 2023] 999 NA
BSD RISCV-32 CPU [Cheng et al., 2024] ~4 Million 1.62 x 107
State-BSD (Ours) Superscalar CPU ~ 17 Million 6.29 x 10°

Table 2: Comparison with the state-of-the-art.

superscalar processors.

The designing scale. Table 2 shows that the scale of the pro-
posed automatically designed superscalar processor is much
larger than those circuits designed by the state-of-the-art meth-
ods. The scale limit makes these methods unable to accom-
plish high-quality designs with more complex structures. By
exploring the larger space with complex dependency, State-
BSD is capable of not only designing larger-scale processors
but also using this ability to improve the design performance.

4.2 Comparison with the human design

We compare the design performance of State-BSD with both
the overall human-design CPU and the human-design predictor
within the same computer architecture. The experimental
results show that State-BSD significantly narrows the gap
between automated and human design abilities.

The CPU design performance. We compare the perfor-
mance of the automated processor design along the commer-
cial CPU developing timeline with the official ARM CPU
benchmark Dhrystone. Experimental results in Figure 3 show
that our method significantly improves the automated design
ability from the CPUs in the 1990s (16K Dhrystone/s) to the
CPUs in the 2010s (6.2M Dhrystone/s).

The predictor effectiveness. For a human-designed su-
perscalar processor with high-quality predictors of the same
architecture, the average coverage of the predictor is 74.9%.
The results show that State-BSD exploits most of the optimiza-
tion potentials, i.e., 94% possible parallel instructions human
designers find while eliminating massive human design effort.
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Performance Coverage  Precision
wlo 4.400 x 10* 0 N/A
128B  9.539 x 10* 2.17x 12.8% 100%
256B  1.121 x 10°  2.55x 16.5% 100%
512B  2.425 x 10°  5.51x 29.7% 100%
IKB  3.368 x 10°  7.66x 35.7% 100%
2KB  6.285 x 105  142x 86.7% 100%
4KB  6.289 x 10°  143x 86.8% 100%
Perfect 1.339 x 10°  304x N/A N/A

Table 3: The effectiveness of the state-selector.

Performance

without with perfect Precision
PC  9.655 x 10° 9.962 x 10° 1.016 x 107 100%
MEM 1.622 x 10* 3.986 x 10 3.986 x 10° 100%
GPR  5.973 x 10° 6.267 x 10°  6.647 x 10° 100%

Table 4: The effectiveness of the state-speculator.

4.3 State-BSD Algorithm Effectiveness Analysis

We compare the performance of the different components with
the intuitive design for ablation study, and with the best-in-
theory perfect predictor to analyze its efficiency. The best-in-
theory perfect predictor is achieved by simulating the exact
execution, so that it can only used for simulation and cannot
be implemented on the hardware.

State-selector. We compare the proposed state-selector
with/ without the state-selector for ablation study, and evalu-
ate its effectiveness with the best-in-theory perfect predictor.
Without the selector, i.e. predicting with the current instruc-
tion without any stored states, the design performance of the
superscalar processor is 44.0K Dhrystone/s, and it cannot pre-
dict any data dependency. Table 3 shows the effectiveness of
the state-selector, that the design performance increases with
larger buffers, showing that the selector can increasingly find
reusable processor states. Compared with the best-in-theory
perfect predictor, the proposed method can find 86.7% of the
overall dependent data with only 2KB buffers. Besides, the
buffer size cannot improve the design performance infinitely.

State-speculator. We compare the proposed design with/
without speculator, and the best-in-theory perfect predictor to
analyze its effectiveness. Without a highly-precise speculator,
the predictor need to be conservative that it does not predict
any dependent data to avoid functional errors. Table 4 shows
the effectiveness of the state-speculator in each of the three
sub-predictor for PC/GPR/MEM. The result shows that each
of the state-speculator is effective to improve the performance
close to the best-in-theory predictor, with 100% precision.

5 Related Work

In 1950, Claude Shannon envisioned computers to “design
electrical filters and relay circuits” [Shannon, 1988]. Since
then, various automated circuit design methods have been
developed over the decades, while these methods cannot yet
design high-performance processors. In this section, we intro-
duce both the history of the automated processor design and
the corresponding human-design paradigm.

5.1 Automated processor design

With the advent of machine learning techniques, it has become
feasible to design functional single-cycle processors despite
the performance inefficiency. The state-of-the-art methods for
automated processor design can design large-scale CPUs or
domain-specific accelerators. For example, Blocklove et al.
proposed to generate an 8-bit CPU with intensive interactions
between the large language model (LLM) and human engi-
neers, the design is quite small with only ~ 1000 logic gates
and without any parallel structures [Blocklove et al., 2023].
There are also methods designing Verilog code for similar-
sized circuit but not the processor with LLMs [Liu et al., 2024,
Vijayaraghavan et al., 2024; Xiao et al., 2024] and NNs [Zhang
et al., 2019]. Fu et al. [Fu et al., 2023] propose a new design
automation pipeline for the Al accelerator with LLMs. Cheng
et al. [Cheng et al., 2024] proposed to generate an industrial-
scale CPU and layout the design, while the performance is
only similar to the Intel 486 CPU. However, the state-of-the-
art methods automatically design the single-cycle processor
functionally, but cannot design the parallel architecture for
comparable performance optimization with the modern CPU.

5.2 Superscalar CPU design with Value Prediction

Predicting the dependent data, i.e. value prediction, is a classic
manual design method to apply instruction-level parallelism
in the processor design. In 1996, it was first proposed in the
processor design [Lipasti ef al., 1996; Gabbay and Mendelson,
1996]. In 1998, it was applied separately in two different do-
mains, the load-store unit, and the general processing registers,
on a simple RISCV CPU [Marcuello et al., 1999]. Value pre-
diction has been studied for decades, and it becomes more
important when the manufacturing technological progress
slows down [Hennessy and Patterson, 2019]. After 2014,
the value prediction method became a practical CPU design
approach and is applied in a modern CPU with complex ILP
optimizations such as Out-of-order, and can be integrated into
the state-of-the-art human-designed CPU [Perais and Seznec,
2014]. More accurate value predictors are proposed to in-
crease the prediction coverage, for better instruction-level par-
allelism in the superscalar processor design [Orosa et al., 2018,;
Bandishte et al., 2020; Perais, 2021]. However, all these value
prediction methods require massive human effort to design the
superscalar processor, as current automated design methods
cannot guarantee the predict precision.

6 Conclusion

In this paper, we propose a novel machine learning approach
to automatically design superscalar CPUs by learning data
dependencies. The predictors are designed using a hardware-
friendly model, State-BSD, which consists of a state-selector
and a state-speculator to be lightweight and highly precise.
With State-BSD, we implement the second version of the
automated CPU design, i.e., 0iMeng-CPU~-v2. To the best
of our knowledge, it is the first automated-designed superscalar
processor with 380x performance optimization over state-of-
the-art designs, and is comparable to ARM Cortex A53.
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