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Abstract

Prefix adders are widely used in compute-intensive applica-
tions for their high speed. However, designing optimized pre-
fix adders is challenging due to strict design rules and an ex-
ponentially large design space. We introduce PrefixGPT, a
generative pre-trained Transformer (GPT) that directly gen-
erates optimized prefix adders from scratch. Our approach
represents an adder’s topology as a two-dimensional coordi-
nate sequence and applies a legality mask during generation,
ensuring every design is valid by construction. PrefixGPT
features a customized decoder-only Transformer architecture.
The model is first pre-trained on a corpus of randomly synthe-
sized valid prefix adders to learn design rules and then fine-
tuned to navigate the design space for optimized design qual-
ity. Compared with existing works, PrefixGPT not only finds
a new optimal design with a 7.7% improved area-delay prod-
uct (ADP) but exhibits superior exploration quality, lowering
the average ADP by up to 79.1%. This demonstrates the po-
tential of GPT-style models to first master complex hardware
design principles and then apply them for more efficient de-
sign optimization.

Code — https://github.com/Mightlaus/PrefixGPT-AAAI26

1 Introduction
Adders are important arithmetic units used in many appli-
cations such as signal processing and artificial intelligence
(AI). Among many available designs, prefix adders stand out
for their fast speed (Ladner and Fischer 1980). They are typ-
ically modeled as prefix graphs with rigid design rules, and
their design space is exponentially large. Consequently, the
central goal of prefix adder optimization is to navigate this
space to find valid designs with an optimized trade-off be-
tween circuit area and delay.

Historically, classic designs like the Sklansky (Sklansky
1960), Kogge-Stone (Kogge 1973), and Brent-Kung (Brent
and Kung 1982) adders were discovered manually. To ex-
plore the design space more systematically, design automa-
tion methods were developed. Some heuristic approaches,
such as simulated annealing (Moto and Kaneko 2018) and
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space pruning (Ma et al. 2018), often struggled to es-
cape suboptimal regions. Recently, AI-based methods us-
ing reinforcement learning (RL) (Roy et al. 2021), gradi-
ent descent (Song et al. 2024), Monte Carlo tree search
(MCTS) (Lai et al. 2024), and large language models
(LLMs) (Xiao et al. 2024) have shown greater success.

Despite their achievement, these AI methods often share
a common limitation: they frame optimization as a structure
refinement task. Whether by adding or deleting nodes (Roy
et al. 2021; Lai et al. 2024) or editing textual represen-
tations of local connections (Xiao et al. 2024), they start
with an existing design and progressively modify it. This
paradigm introduces two issues. First, iterative modifica-
tions frequently violate the strict design rules of prefix
adders. This necessitates an additional and often inconve-
nient repair step to ensure correctness, which may also intro-
duce extra hardware cost. Second, the performance is highly
sensitive to the initial design (e.g., Sklansky). As illustrated
in Fig. 1, the effectiveness of two representative methods,
PrefixRL (Roy et al. 2021) and ArithTree (Lai et al. 2024),
can dramatically change when starting from different man-
ual designs. This reveals a strong initialization bias that may
prevent these refinement-based methods from discovering
high-quality designs.

The recent success of generative pre-trained Transformer
(GPT)-style models offers a new perspective (Radford et al.
2018; Touvron et al. 2023). They have showed an excep-
tional ability in mastering complex natural language and
producing high-quality text that simultaneously satisfies
structural and logical constraints (Radford et al. 2019; Guo
et al. 2025). Prefix adders, with their rigid construction rules,
form an even more structured domain than natural language.
This motivates our central question: Can a GPT-style model
also be developed to learn the “grammar” of prefix adders
and directly generate high-quality designs that are valid by
construction?

We affirmatively answer the above question by propos-
ing PrefixGPT, a customized GPT-style model trained from
scratch for generating optimized prefix adders. We formu-
late the prefix adder design as a sequence generation prob-
lem and build a GPT-style model to generate the sequence.
We recast the design rules into a dynamic legality mask that
is applied during generation, ensuring every adder is valid by
construction to avoid any repairs. After pre-trained on a large
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Figure 1: Optimized 32-bit adders discovered by two state-
of-the-art methods and PrefixGPT under four initializations
(Sklansky, Kogge-Stone, Brent-Kung and Random). Here,
depth and size approximate circuit delay and area, respec-
tively; the smaller the better. While the other methods fluc-
tuated or even failed to find a solution (denoted by ’-’),
PrefixGPT was robust and consistently found better designs
across all initializations. A full comparison is in Table 1.

corpus of randomly synthesized prefix adders to learn the
design rules, the model is further fine-tuned with an RL ob-
jective to generate prefix adders with optimized area and de-
lay. Experiments show that PrefixGPT finds superior designs
quickly and robustly. Even under random initialization, its
performance outperforms state-of-the-art (SOTA) methods
that rely on good initial manual designs, as shown in Fig. 1.
Our contributions are summarized as follows:
• We introduce a sequence representation for prefix adders,

thereby reformulating their optimization as a sequence
generation task that can be addressed by powerful GPT-
style models.

• We recast the design rules for prefix adders into a dy-
namic legality mask that is directly integrated into the
generation process, guaranteeing every design is valid by
construction and eliminating any repair steps.

• We build PrefixGPT and equip it with a comprehensive
pre-training and fine-tuning pipeline, enabling the model
to leverage the learned design rules for efficient and ro-
bust prefix adder optimization.

2 Preliminaries
2.1 Prefix Adder
Adders are fundamental arithmetic units in digital systems.
Given two n-bit binary inputs, A = (an−1an−2 . . . a0)2 and
B = (bn−1bn−2 . . . b0)2, an n-bit adder computes an n-bit
sum S = (sn−1sn−2 . . . s0)2 and a final carry-out cn−1. A
prefix adder calculates its sum bit si (1 ≤ i ≤ n− 1) from a
carry-out at bit position (i−1), denoted as ci−1. Therefore, a
prefix adder needs to generate n carry-outs c0, c1, . . . , cn−1.

The dominant part of a prefix adder is a sub-circuit for
generating these carry-outs, which can be abstracted as a
prefix graph shown in Fig. 2(a). There are two types of nodes
in this graph: input node, denoted as ℓi:i with 0 ≤ i ≤ n−1,
located at the top row of the graph, and merge node, denoted
as ℓj:i with 0 ≤ i < j ≤ n − 1, located at any remaining
row of the graph. For any node ℓj:i (0 ≤ i ≤ j ≤ n − 1) in

the graph, it outputs a signal pair. An input node ℓi:i takes
input bits ai and bi as its inputs, while a merge node ℓj:i
takes two signal pairs from ℓj:k and ℓk−1:i as inputs, where
k satisfies that i < k ≤ j. For example, the merge node ℓ4:2
in Fig. 2(a) takes two signal pairs from ℓ4:4 and ℓ3:2 as in-
puts. We call the nodes ℓj:k and ℓk−1:i the more significant
parent (MSP) and the less significant parent (LSP), respec-
tively, of the node ℓj:i. In a prefix adder, the carry-out ci
(0 ≤ i ≤ n − 1) is a signal from the output of ℓi:0. In or-
der to generate all carry-outs, the prefix graph must include
n nodes ℓ0:0, ℓ1:0, . . . , ℓn−1:0. For readers interested in the
actual circuit implementation of the input and merge nodes,
we refer them to the appendix. In summary, a valid prefix
graph should satisfy the following three design rules:

1. Input rule: It includes nodes ℓ0:0, ℓ1:1, . . . , ℓn−1:n−1.
2. Output rule: It includes nodes ℓ0:0, ℓ1:0, . . . , ℓn−1:0.
3. Merge rule: For any merge node ℓj:i (0 ≤ i < j ≤ n−1)

in the graph, there must exist an integer k such that i <
k ≤ j and both nodes ℓj:k and ℓk−1:i exist in the graph.

The structure of the prefix graph directly affects the area
and delay of an adder. Specifically, the size of the graph,
which is the total number of merge nodes in the graph, is
proportional to the adder area, while the depth of the graph,
which is the number of levels of the graph, is proportional
to the delay of the adder. To design a prefix adder with op-
timized area and delay translates to finding a prefix graph
with optimized size and depth.

2.2 Generative Pre-trained Transformers (GPTs)
GPTs have been successfully used to tackle tasks in di-
verse fields, including biology (Luo et al. 2022), chem-
istry (M. Bran et al. 2024), finance (Seshakagari et al.
2025), and programming (Bucaioni et al. 2024). These GPT-
style models are typically built upon a decoder-only archi-
tecture (Radford et al. 2018) and operate autoregressively:
given a sequence of input tokens (x1, . . . , xt), the model
predicts the next token xt+1. The generated token is then
appended to the sequence, forming a new input sequence
(x1, . . . , xt, xt+1) for the subsequent generation step. This
process repeats until a terminal condition, such as an end-of-
sequence (EOS) token or a maximum length limit, is met.

A GPT-style model is typically trained in two stages. The
first stage is pre-training, where the model is trained on a
large corpus of general-domain text to build a broad under-
standing of syntax and factual knowledge. The second stage
is fine-tuning, where it is adapted for a specific downstream
task and often uses techniques like RL to align its behavior
with the desired objectives. We employ the same two-stage
training process for our PrefixGPT.

3 Methods
This section describes the details of PrefixGPT. To facili-
tate the development of a GPT-style model for prefix adder
generation, Sec. 3.1 presents a method that converts a pre-
fix graph into a coordinate sequence. It also shows how to
recast the design rules into a dynamic legality mask used in
the generation process. A custom decoder-only Transformer
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Figure 2: Equivalent representations of a 6-bit prefix adder with size = 8 and depth = 4. (a) Graph. (b) Matrix. (c) Coordinate
Sequence. The blue line always connects a node and its MSP, while red line for its LSP.

model (Sec. 3.2) with a full pre-training (Sec. 3.3) and fine-
tuning (Sec. 3.4) pipeline is then proposed for optimized
adder exploration.

3.1 Sequence Representation of Prefix Adder
To develop a GPT-style model for generating prefix adders,
we need to find a suitable sequence representation of the un-
derlying prefix graph. We first convert the graph into a ma-
trix representation proposed in (Roy et al. 2021). As shown
in Fig. 2(b), the prefix graph of an n-bit prefix adder can
be represented as an n × n binary lower-triangular matrix,
where the entry at row j and column i (0 ≤ i ≤ j ≤ n− 1)
is a ‘1’ if and only there exists a node ℓj:i in the prefix graph.
We call the matrix prefix matrix. We record the coordinates
of the ‘1’s by scanning the prefix matrix from the top row
to the bottom, and within each row, from the diagonal en-
try to the leftmost. This scan creates a coordinate sequence
L1:N = (L1, . . . , LN ), where N is the sequence length and
Lp = (Lr

p, L
c
p) (1 ≤ p ≤ N ) is the coordinate in the ma-

trix of the p-th ‘1’ in the scan order with Lr
p giving the row

coordinate and Lc
p giving the column coordinate. Note that

a coordinate Lp = (Lr
p, L

c
p) in the sequence corresponds to

a node ℓLr
p:L

c
p

in the prefix graph.
For a GPT-style model, it repeatedly generates the next se-

quence entry given the current partial sequence until a com-
plete sequence is generated. Thus, to develop a GPT-style
model generating the coordinate sequence, it is important to
identify the valid choices for the next coordinate Lk+1 given
the current sequence L1:k. We distinguish two cases.

Case 1: the last coordinate in the current sequence, i.e.,
Lk, is at column 0 of the prefix matrix. By the input rule
described in Sec. 2.1, all diagonal entries of the prefix matrix
are ‘1’. Thus, in this case, by the scanning order, the next ‘1’
we visit is located at the diagonal entry of the next row of
Lk (see Fig. 2(c)). Thus, we have Lk+1 = (Lr

k +1, Lr
k +1).

Case 2: Lk is not at column 0 of the prefix matrix. Then,
the scan of the current row is not finished until it reaches
the ‘1’ guaranteed to exist at column 0 by the output rule
(Sec. 2.1). Consequently, the next coordinate Lk+1 must be
in the same row and we have Lr

k+1 = Lr
k, as shown in

Fig. 2(c). Moreover, as Lk is not at column 0 of the pre-
fix matrix, Lk+1 cannot be a diagonal entry. Consequently,

Lk+1 must correspond to a merge node in the prefix graph.
Following (Roy et al. 2021), we restrict the MSP of the
merge node corresponding to Lk+1 to be the node corre-
sponding to Lk. Note that this restriction simplifies the se-
quence generation task but sacrificing some optimality, and
we will leave it as a future work to relax this restriction. By
the merge rule in Sec. 2.1, a merge node with its MSP at col-
umn Lc

k must have its LSP located at row (Lc
k−1), which in

turn implies that the next column coordinate Lc
k+1 must be

the column of an existing node in row (Lc
k − 1). Formally,

we have Lr
k+1 = Lr

k, and Lc
k+1 ∈ {Lc

φ|0 ≤ φ < k,Lr
φ =

Lc
k − 1}.

Example 1. Consider the example in Fig. 2(c). If the last
coordinate in the partial sequence, Lk, is (1, 0), the subse-
quent coordinate can only be (Lr

k + 1, Lr
k + 1) = (2, 2).

Alternatively, suppose Lk = (3, 3). This node acts as the
MSP of Lk+1, and we can derive that the row coordinate for
the LSP of Lk+1 must be Lc

k − 1 = 3 − 1 = 2. Since there
are only two nodes at row 2 of the prefix matrix in Fig. 2(c)
and their coordinates are (2, 0) and (2, 2), the valid choices
for the column coordinate of Lk+1 are 0 and 2. Hence, the
only valid choices for Lk+1 are (3, 0) and (3, 2).

The above rule enables constructing a legality mask that
dynamically filters out all invalid choices during each coor-
dinate generation step. Specifically, when sampling the next
coordinate Lk+1, the mask pre-computes all infeasible op-
tions conditioned on L1:k and set their probabilities to zero,
thereby preventing invalid sampling. Notably, the legality
mask supports a parallel implementation on GPUs. We detail
its actual implementation with an example in the appendix.

3.2 Model Architecture
Standard GPT-style models (Radford et al. 2019) typically
generate one-dimensional token sequences and lack the
ability to directly handle two-dimensional (2D) coordinate
data. To overcome this limitation, PrefixGPT introduces
two techniques, a spatial coordinate embedding and a two-
head Transformer backbone, which will be introduced next.
Fig. 3(a) illustrates the overall architecture.

Spatial Coordinate Embedding The spatial coordinate
embedding is designed to effectively encode each node’s
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Figure 3: PrefixGPT. (a) Model architecture. (b) Training pipeline: solid blue arrows denote the pre-training phase and the solid
black arrows denote fine-tuning phase.

2D coordinates and their relative positional information into
unified tokens.

As shown in the bottom-left box in Fig. 3(a), we apply
separate learned embedding layers to the row and column
indices of each coordinate Lp = (Lr

p, L
c
p), producing two d-

dimensional vectors Lr
p and Lc

p ∈ Rd. These are enhanced
with the rotary positional embedding (RoPE) technique (Su
et al. 2024) to encode relative-position information. Concep-
tually, RoPE associates each integer position m with an or-
thogonal rotation matrix R(m) ∈ Rd×d, which has the key
properties of a rotation: R(m)⊤R(m) = I and, crucially,
R(m)⊤R(n) = R(n−m). Applying this to our coordinate
embedding L

r/c
p ∈ Rd, 1 the RoPE-enhanced embedding,

denoted as L̂r/c
p , is obtained by a simple matrix-vector prod-

uct as L̂
r/c
p = R(L

r/c
p )L

r/c
p . When computing the inner

product between any two RoPE-enhanced embeddings for
positions p and q, the rotation matrices combine elegantly:

⟨L̂r/c
p , L̂r/c

q ⟩ =
(
R(Lr/c

p )Lr/c
p

)⊤ (
R(Lr/c

q )Lr/c
q

)
= (Lr/c

p )⊤R(Lr/c
p )⊤R(Lr/c

q )Lr/c
q

= (Lr/c
p )⊤R(Lr/c

q − Lr/c
p )Lr/c

q ,

where R(L
r/c
q − L

r/c
p ) is solely a function of the relative

distance between the coordinates. This enables PrefixGPT
to effectively capture not only the absolute positions but also
the relative distances between merge operations.

Finally, for each coordinate Lp, we concatenate its RoPE-
enhanced embeddings to form a fused coordinate token
Tp = L̂r

p ∥ L̂c
p ∈ R2d. The resulting token sequence

T1:k = (T1, . . . ,Tk) is then passed through the two-head
Transformer backbone for next coordinate generation.

1Throughout this paper, we use the superscript r/c as a nota-
tional shorthand. It indicates that an expression or operation applies
independently to both its row (r) and column (c) counterparts. For
example, an entity Xr/c represents both Xr and Xc.

Two-Head Transformer Backbone To sequentially pre-
dict the next coordinate in the sequence, the Transformer
backbone first transforms the spatial coordinate embedding
into shared hidden states Hshare

1:k through four stacked Trans-
former decoder layers, called shared decoder. These shared
states then feed into a row head and a column head, which
predict the row and column coordinates, respectively.

The row head independently refines the shared hidden
states to produce the hidden states of the row, Hrow

1:k, with
a Transformer decoder layer as Hrow

1:k = RowHead(Hshare
1:k ).

Then, a linear projection is applied to predict the probabilis-
tic distribution of the next row coordinate as follows:

P (Lr
k+1|L1:k) = Softmax(Wrowhrow

k ),

where hrow
k is the k-th component of Hrow

1:k, and we sample
the next row coordinate from the obtained distribution.

Since a valid next column coordinate depends on the row
coordinate as described in Sec. 3.1, the column head inte-
grates both Hshare

1:k and Hrow
1:k to generate the hidden states of

the column, Hcol
1:k, through two Transformer decoder layers,

which is further processed by a final linear layer to predict
the next column coordinate as follows:

Hcol
1:k = ColumnHead

(
Wp

(
Hshare*

1:k || Hrow*
1:k

))
,

P (Lc
k+1|L1:k) = Softmax(Wcolhcol

k ),

where Hshare*
1:k and Hrow*

1:k denote hidden states after the root
mean square normalization (Zhang and Sennrich 2019), and
|| marks concatenation. The next column coordinate is also
sampled from the distribution P (Lc

k+1|L1:k).

3.3 Pre-training
We first teach the model design rules though pre-training
before asking it to generate optimized designs. As illustrated
by the solid blue arrows in Fig. 3 (b), we pre-train PrefixGPT
using self-supervised learning on a corpus of one million
valid coordinate sequences. Each sequence is generated by
performing a random walk starting at the same first coordi-
nate L1 = (0, 0) and proceeding by randomly selecting a
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valid next coordinate until the EOS coordinate (n − 1, 0) is
reached for an n-bit adder.

During pre-training, PrefixGPT learns to predict the next
valid coordinate by minimizing the loss between its pre-
dictions and the ground-truth labels. For an input sequence
L1:k, its loss sums the individual cross-entropy loss from
both row and column as follows:

Lpre = −1

k

k∑
p=1

(
logP (Lr

p|L1:p−1) + logP (Lc
p|L1:p−1)

)
.

The pre-training is both efficient and transferable. The
training corpus can be synthesized on a single GPU with
roughly one minute under our implementation settings, and
once PrefixGPT is pre-trained on a maximal bit-width n, it
can be instantly adapted to any m-bit tasks (m ≤ n), simply
by resetting the EOS coordinate from (n−1, 0) to (m−1, 0).
For this work, PrefixGPT was pre-trained on sequences up
to n = 48, due to GPU memory constraints.

3.4 Fine-tuning for Optimized Adder Generation
The fine-tuning process is indicated by the solid black ar-
rows in Fig. 3(b). In this stage, we employ RL to align the
output of the pre-trained model with our design objective,
i.e., an optimized area-delay trade-off, and continuously ex-
ploring the solution space to discover higher-quality adders.

Fine-tuning begins by duplicating the pre-trained model
into two copies: a trainable policy model πθ and a frozen
reference model πref. The policy model evolves to discover
new designs, and the reference model preserves the pre-
training behavior to avoid performance catastrophic col-
lapse (Schulman et al. 2017; Stiennon et al. 2020). At each
RL iteration, πθ samples a group of G valid adders As =
(α1, . . . , αG) using the legality mask, as shown in Fig. 3(b).
Each adder αi can be represented by a coordinate sequence
L1:Ni

, where Ni is its length. We evaluate each αi with a
scalar reward set as the negative area-delay product (ADP)
ri = −area(αi) × delay(αi). We choose this reward since
a commonly used target for circuit optimization is minimiz-
ing the ADP. In parallel, πref re-scores the same sequences
to compute a Kullback-Leibler (KL) divergence DKL (Schul-
man et al. 2017) between the policy model and the reference
model. We extend its approximate form for both the row and
the column factors:

DKL(Lp) = Dr
KL(Lp) + Dc

KL(Lp),

Dr/c
KL (Lp) =

π
r/c
θ (Lp)

π
r/c
ref (Lp)

− log
π
r/c
θ (Lp)

π
r/c
ref (Lp)

− 1,

π
r/c
θ (Lp) = Pθ(L

r/c
p |L1:p−1),

π
r/c
ref (Lp) = Pref(L

r/c
p |L1:p−1),

where Pθ and Pref represent the prediction probability given
by the policy model and reference model, respectively.

We adopt the lightweight group relative policy optimiza-
tion (GRPO) (Shao et al. 2024) method for efficient train-
ing. Compared with proximal policy optimization (Schul-
man et al. 2017), GRPO prevents the expensive advantage

model by directly calculating the advantage Âi with a nor-
malized reward as Âi = ri−µA

σA
, where µA and σA are the

mean and the standard deviation, respectively, of the rewards
of all adders in a sample group A. We optimize the policy
model by maximizing the following objective function:

J (θ) =
1

G

G∑
i=1

1

Ni

Ni∑
p=1

{
γpsθ(Lp)Âi − βDKL(Lp)

}
,

(1)
where sθ(Lp) = πr

θ(Lp) + πc
θ(Lp), and γ = 0.99 and β =

0.001 are constants.
We also propose a best-design retrieval mechanism to

reuse advantageous designs and reinforce high-quality pat-
terns during training. Specifically, at each iteration, all sam-
pled designs are logged into a database. We retrieve from the
global database of all previously generated designs a small
subset Ar of designs with the lowest ADP, where the subset
size is limited to at most 10% of the total batch size. The
retrieved designs are then merged with the newly sampled
batch As to form A = As ∪ Ar for the GRPO update.

The best-design retrieval also supports the use of good
manual designs for initialization. Specifically, we can add
good manual designs into the database at the beginning of
fine-tuning. Then, those retrieved with high initial quality
typically dominate the GRPO advantage calculations, gen-
tly steering the policy toward learning their superior archi-
tectures.

4 Experiment Results
4.1 Experiment Setup
We implemented PrefixGPT in PyTorch with CUDA 12.6
and ran the experiments on a single NVIDIA RTX 4090
GPU and an AMD EPYC 9374F CPU. The model used an
embedding dimension of d = 128. We pre-trained the model
for 5 epochs on a corpus of 1,000,000 randomly synthesized
valid coordinate sequences using the Adam optimizer with a
learning rate of 10−4. For fine-tuning, we conducted RL for
200 iterations, and we sampled G = 512 valid designs per
iteration with a temperature of 0.8. The legality mask was
applied through all fine-tuning iterations.

We evaluated PrefixGPT on four adder bit-widths, 16,
24, 32, and 48, and comprehensively compared it with two
SOTA methods, PrefixRL (Roy et al. 2021), which uses deep
Q-learning, and ArithTree (Lai et al. 2024), an MCTS-based
method. To test whether PrefixGPT overcomes initializa-
tion bias, we evaluate all methods with four initializations:
three manual designs, Sklansky (Sk.), Kogge-Stone (Ko.),
and Brent-Kung (Br.), and a random (Ra.) setting. In the ran-
dom setting, ArithTree and PrefixRL started searching with
a randomly generated valid design. In contrast, PrefixGPT
began its search with no initial design in its database. To en-
sure a fair comparison, we evaluated each combination of
bit-width and initial design by running 10 independent tri-
als, and each trial was strictly capped at 100, 000 candidate
design evaluations, resulting in a total of 1, 000, 000 evalua-
tions per combination for each method.

We also compared PrefixGPT with a generative baseline,
PrefixLLM (Xiao et al. 2024). However, since it only scales
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to 16-bit adders, and its generation time per design is over
200 seconds, which is excessively long, we used the data
from its authors and the original paper for comparison.

4.2 Comparison of Prefix Graph Size
As mentioned in Sec. 2.1, the size and depth of a prefix graph
reflect the area and delay, respectively, of the corresponding
prefix adder. Given the inherent trade-off between size and
depth, following (Lai et al. 2024), we set three strict depth
limits for each bit-width and compare the minimum achiev-
able size under these limits. Specifically, for each bit-width,
the depth limits are h, h+1, and h+2, where h is the mini-
mum possible depth for an adder of the given bit-width (Snir
1986). As shown in Table 1, PrefixGPT achieves the best
size on all 12 pairs of bit-width and depth limit, with a max-
imum size reduction of 59.1% on 48-bit with Kogge-Stone
initialization. Moreover, prior methods are highly sensitive
to initialization and may produce much larger or even invalid
designs (indicated by ‘-’) when tested under tight depth lim-
its, as even a minor structural modification can easily violate
the depth limit. Additionally, for PrefixLLM, the minimum
sizes obtained under Ko. initialization of 16-bit adders are
31, 28, and 24 for depths 5, 6, and 7, respectively, which
falls behind PrefixGPT.

Bit-
Width Depth ArithTree Size PrefixRL Size PrefixGPT Size

Sk. Ko. Br. Ra. Sk. Ko. Br. Ra. Sk. Ko. Br. Ra.

16-bit

5 31 45 - - - - - - 31 31 31 32
6 25 25 25 25 26 45 26 - 25 25 25 25
7 24 24 24 24 25 27 24 30 24 24 24 24

Average: 27 31 25 25 26 36 25 30 27 27 27 27

24-bit

6 45 78 - - - 88 - - 45 50 50 64
7 41 49 - - 51 83 - - 42 40 40 42
8 39 39 39 40 48 76 - 65 39 39 39 40

Average: 42 55 39 40 50 82 - 65 42 43 43 49

32-bit

6 77 124 - - 79 - - - 74 80 76 78
7 65 108 - - 77 128 - - 57 61 57 60
8 57 77 55 65 68 128 56 - 55 55 55 55

Average: 66 103 55 65 75 128 56 - 62 65 63 64

48-bit

7 119 217 - - - 224 - - 102 94 98 102
8 105 191 - - 123 222 - - 99 87 88 100
9 94 155 - - 120 207 - - 86 86 86 86

Average: 106 188 - - 122 218 - - 96 89 91 96

Table 1: Prefix graph sizes obtained by various methods. A
‘-’ indicates that the size is not found for a method and is
excluded when computing the rounded average.

4.3 Comparison of Area and Delay
To align with industrial design practice, we evaluated the
synthesized results by measuring their post-synthesis area
and delay. This was done with the open-source logic syn-
thesis tool ABC (Berkeley Logic Synthesis and Verification
Group 2008) using Nangate45 Open Cell Library (Nangate
Inc. 2008) as the standard cell library.

Fig. 4 plots the ADP distributions, aggregated over all
four initializations for each bit-width and each method. At
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Figure 4: ADP comparison of various methods. In the figure,
the vertical strips span the min-max range, while the markers
show the mean ADP with ±1 standard deviation.

Global Best:
Random:

Figure 5: Prefix adder optimization results after ABC syn-
thesis. In each plot, solid lines indicate the Pareto frontiers
achieved from random initializations and the dashed lines
represent the global Pareto frontier, aggregated from the de-
signs across all Sk., Ko., Br. and Ra. initialization strategies.

16-bit, PrefixGPT achieved an minimum ADP of 31.13
µm2 ·ns, better than that of PrefixLLM ( 34.01 µm2 ·ns). Pre-
fixGPT’s superiority was most evident at higher bit-widths,
excelling in both performance and robustness. At 48-bit, it
discovered a design with a minimum ADP of 121.3 µm2 ·ns,
which was a 7.7% and 15.1% improvement over the min-
ima found by ArithTree and PrefixRL, respectively. Aver-
aged over all designs, PrefixGPT achieves a mean ADP of
91.14 µm2 · ns for 32-bit adders and 185.15 µm2 · ns for 48-
bit adders, representing a 71.9% and 79.1% reduction over
the mean ADP of ArithTree. Moreover, PrefixGPT’s designs
exhibit substantially greater stability. Its standard deviation
in ADP is consistently lower, and at 48-bit, it shows a reduc-
tion of over 94% compared to ArithTree (25.2 vs. 422.2).

This robustness is further demonstrated in Fig. 5. Even
under random initializations (solid lines), PrefixGPT yields
designs that closely match its global Pareto frontier (dashed
lines), aggregated over all initialization settings. Remark-
ably, these random-initialized results often outperform the
best global frontiers achieved by the other methods.

PrefixGPT runs very efficiently, taking approximately 7
ms to generate one design for the 32-bit task. We report the
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full wall-clock runtime in appendix.

4.4 Investigation of the Effectiveness
To investigate the sources of PrefixGPT’s effectiveness, we
repeated the 32-bit random optimization 20 times with dif-
ferent components ablated:

• In model architecture, the RoPE block was removed
from the model architecture, leaving only the learned em-
bedding block to encode absolute positional information.

• In model training, the entire pre-training phase was
omitted. Instead, a model with randomly initialized pa-
rameters was used for fine-tuning.

• In fine-tuning, the KL-divergence regularization term
was removed from the objective function shown in
Eq. (1), and the best-design retrieval was disabled.

Fig. 7 shows the normalized average reward over the 20
trials. The removal of the pre-training phase and RoPE
proved most detrimental, respectively resulting in 31.6% and
16.6% lower final average reward. While ablating the KL-
divergence and the best-design retrieval strategy led to a
1.3% decrease in final average reward, their removal had a
dramatic impact on stability, increasing the standard devia-
tion from 0.018 to 0.038 (+110%) at the final iteration.

These results suggest that PrefixGPT’s strong perfor-
mance primarily arises from its pre-training phase, where the
model may internalize the fundamental design principles.
We tested this hypothesis by removing the legality mask and
prompting the pre-trained model to autoregressively gener-
ate designs from the start coordinate. As shown in Fig. 8,

Figure 8: Generation legal rate after pre-training with vary-
ing sample sizes, evaluated without the legality mask.

the generation legal rate (the proportion of valid designs
in each generated batch) rapidly converges to nearly 100%
with sufficient training, demonstrating the model’s learned
ability to adhere to design rules and generate structurally
valid adders. An inspection of the model’s internal mech-
anism provides further confirmation. As shown in Fig. 6, the
attention scores of the column head demonstrated a remark-
able alignment with the merge rule described in Sec. 3.1. For
example, when Lk = (15, 14), the model’s attention primar-
ily focuses on coordinates in row Lc

k − 1 = 13, which are
the valid candidates for the LSP of Lk+1. This combined ev-
idence, from both external behavior and internal mechanism,
suggests that during pre-training, PrefixGPT moves beyond
pattern memorization to develop a foundational understand-
ing of the design space, which likely enables its robust and
effective search.

5 Conclusion
We introduce PrefixGPT, a generative pre-trained Trans-
former that presents a new paradigm for prefix adder opti-
mization. Instead of relying on structural refinements, Pre-
fixGPT directly generates optimized prefix-adder topologies
from scratch through a sequence-based formulation. Exten-
sive experiments demonstrate that our approach achieves
state-of-the-art performance, discovering novel designs with
improved area–delay product and substantially reduced vari-
ance across initializations. These results show that GPT-
style models can effectively handle complex hardware-
design constraints and autonomously generate high-quality
circuits beyond current heuristic or RL methods.
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