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Abstract

Neural Architecture Search is a costly practice. The
fact that a search space can span a vast number of design
choices with each architecture evaluation taking nontrivial
overhead makes it hard for an algorithm to sufficiently ex-
plore candidate networks. In this paper, we propose Auto-
Build, a scheme which learns to align the latent embeddings
of operations and architecture modules with the ground-
truth performance of the architectures they appear in. By
doing so, AutoBuild is capable of assigning interpretable
importance scores to architecture modules, such as indi-
vidual operation features and larger macro operation se-
quences such that high-performance neural networks can
be constructed without any need for search. Through exper-
iments performed on state-of-the-art image classification,
segmentation, and Stable Diffusion models, we show that
by mining a relatively small set of evaluated architectures,
AutoBuild can learn to build high-quality architectures di-
rectly or help to reduce search space to focus on relevant
areas, finding better architectures that outperform both the
original labeled ones and ones found by search baselines.
Code available at https://github.com/Ascend—-
Research/AutoBuild

1. Introduction

Neural Architecture Search (NAS) is an AutoML technique
for neural network design and has been widely adopted in
computer vision. Given a task, most NAS methods involve
exploring a vast search space of candidate architectures,
e.g., [6, 24, 31, 41], using a search algorithm, to find the
best architecture in terms of predefined performance and
hardware-friendly metrics. However, NAS is a costly pro-
cedure mainly due to two reasons. First, the search space
is formed by varying the operation configurations in each
layer and is thus exponential to the number of configura-
tions per layer in scale, which can easily exceed 10*° archi-
tectures [4, 19], making it hard to thoroughly explore the

search space. Second, there is a large cost associated with
each architecture evaluation, which requires full training be-
fore assessing performance on a validation set.

Several methods have been proposed in the literature to
reduce the evaluation cost in NAS. For example, Once-for-
All (OFA) [4] trains a weight-sharing supernetwork that
can represent any architecture in the search space. Re-
cently, SnapFusion [16], which is adopted by Qualcomm’s
latest Snapdragon 8 Gen 3 Mobile Platform, applies a robust
training procedure to Stable Diffusion models, so that the
U-Net is trained to be robust to architectural permutations
and block pruning, which enables it to find a pruned effi-
cient U-Net that speeds up text-to-image generation signif-
icantly. In fact, these methods still pay an initial, very high
one-time computational cost to train the supernetworks or
robust U-Net (which requires a tremendous investment into
GPUs), such that during search individual candidate archi-
tectures can be assessed by pulling weights from the super-
network. Another limitation is that supernetwork training
is specific to the dataset used, e.g., ImageNet [7], and re-
training may incur a significant cost. As foundational mod-
els [16, 29, 33] grow in complexity, NAS is becoming infea-
sible for organizations with limited computing resources.

In this paper, we propose AutoBuild, a method for au-
tomatically constructing optimal neural architectures from
high-valued architecture building blocks discovered from
only a handful of random architectures that have been eval-
uated. Unlike traditional NAS that considers how to best
traverse a vast search space, AutoBuild focuses on dis-
covering the features, operations and multi-layered sub-
graphs as well as their configurations—in general, inter-
pretable knowledge—that are important to performance in
order to directly construct architectures. The intuition is that
although the size of the search space is exponential large,
the actual number of configurations per layer can be small.
We ask the question—could there be a method that learns
how to build a good architecture rather than searching for
one, thus circumventing the formidable search cost?

Specifically, we learn the importance of architecture
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modules using a ranking loss mechanism applied to each
hop-level of a Graph Neural Network (GNN) [3, 40, 45]
predictor to align the learnt embeddings for each subgraph
or node with the ground-truth predictor targets (e.g., accu-
racy). This ensures important subgraphs and nodes will
have higher embedding norms (by the GNN) if they ap-
pear in architectures with higher performance. We propose
methods to be able to rank operation-level features, e.g.,
convolution kernel size vs. input/output latent tensor size
for a CNN, or rank operations, e.g., attention vs. resid-
ual convolutions in a diffusion model, or rank subgraphs
of operation sequences. AutoBuild can then construct high-
quality architectures by combining high valued modules in
each layer or can greatly prune the size of original search
space prior to performing NAS. Moreover, we can read-
ily manipulate predictor labels to combine multiple perfor-
mance metrics, e.g., both accuracy and latency, to focus on
different regions of the search space.

Through extensive experiments performed on state-of-
the-art image classification, segmentation, and Stable Dif-
fusion models, we show that by mining a relatively small
set of evaluated architectures, AutoBuild can learn to as-
sign importance ‘scores’ to the building blocks such that a
high-quality architecture can be directly constructed with-
out search or searched for in a much reduced search space
to generate better architectures.

To prove the effectiveness of AutoBuild, we show that by
learning from 3000 labeled architectures for ImageNet, Au-
toBuild can focus on shortlisted regions of the vast search
space of MobileNetV3 to generate superior Pareto fron-
tier of accuracy vs. latency compared to other schemes
that search the whole search space or reduced search space
based on manual insights. A similar trend holds for panop-
tic segmentation [15]. Furthermore, in a search space con-
sisting of variants of Stable Diffusion v1.4 [33] by tweak-
ing the configurations of each layer of its U-Net, where we
have access to only 68 labeled architectures, AutoBuild can
quickly generate a architecture without search that achieves
better image Inpainting performance as compared to the la-
beled architectures or a predictor-based exhaustive search
strategy.

2. Related Work

Search Spaces fall into two categories: Macro-level and
micro-level. Macro-level spaces represent architectures as a
sequence of predefined structures, e.g., MBConv blocks in
MobileNets [6, 12, 13, 36, 41], or even Attention vs. Con-
volution layers in Stable Diffusion U-Nets [32, 33]. Repre-
senting the network as a sequence implicitly encodes some
level of spatial information, such as latent tensor channel
size and stride, which can change across the depth of the
network. By contrast, micro-level spaces, like many NAS-
Benchmarks [24], designs the search space over a cell struc-

ture that is repeated multiple times to form the entire net-
work. The cell takes the form of different DAGs over a
predefined list of operations and typically do not encode
spatial information. Although many of the techniques in
AutoBuild apply to both macro and micro-search spaces,
we focus on macro-level spaces like MobileNets and Stable
Diffusion U-Nets in this paper.

Neural performance predictors [22, 26, 43] learn to
estimate the performance of candidate architectures and
overcome the computational burden of training them from
scratch, in order to facilitate more lightweight NAS. By
contrast, AutoBuild focuses on learning in a way that quan-
tifies the importance of architecture modules. AutoBuild
further leverages these insights to reduce the overall search
space size, and thus, the necessity to perform NAS.

Interpretable approaches generate insights on the rela-
tionship between search spaces and performance metrics.
For example, NAS-BOWL [34] uses Weisfeiler-Lehman
(WL) kernels to extract architecture motifs. However, NAS-
BOWL mainly operates on micro search spaces as the WL-
kernel does not efficiently scale with graph depth [35].
Sampling-based approaches [25] examine how architec-
ture modules impact accuracy and latency. However, these
methods rely on large amounts of data to generate statistical
information. In contrast, AutoBuild is more data-driven and
efficient - capable of learning insights from limited data.

Ranking losses have previously been used to structure
GNN embedding spaces. CT-NAS [5] use a ranking loss
to determine which architecture in a pair has higher perfor-
mance. AutoBuild uses a Magnitude Ranked Embedding
Space to generate importance scores, which is partially in-
spired by the Ordered Embedding Space that SPMiner [46]
construct to perform frequent subgraph mining.

3. Background

This section provides background information on how ar-
chitectures can be cast as graphs. Further, we elaborate
on how node embeddings produced by GNNs are used to
‘score’ their corresponding rooted subgraphs.

3.1. Architecture Graph Encodings

A common way to represent candidate architectures for
NAS is as a Directed Acyclic Graph (DAG). A DAG is a
graph G with a node (vertex) set Vg, which is connected
by a corresponding edge set £;. These edges define the
forward pass in the graph. The representation of a node dif-
fers based on the structure and design of the search space.
Fine-grained methods like AIO-P [27] and AutoGO [35]
use an Intermediate Representation (IR) extracted from
frameworks like ONNX [1], where nodes represent single
primitive operations like convolutions, adds and activations.
On the other hand, cell-based NAS-Benchmarks [24] use
nodes or edges to represent predefined operation sequences.
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Figure 1. Visualization of a sequence-like architecture DAG.
Nodes annotated with position and layer information: ‘u’ and ‘I’
refer to stage and layer position, while ‘conv’ refers to the type of
layer. Left graph: Subgraph rooted at the red node induced by a
1-hop message passing layer. Right graph: Additional (orange)
nodes incorporated into the subgraph for a 3-hop layer.

The coarsest node representation resides in macro-search
spaces. Nodes could represent a whole residual convolu-
tion layer [10], a transformer block with multi-head atten-
tion [33, 39], or MBConv [6, 12, 13, 36, 38, 41] block struc-
ture. Nodes are stacked in a 1-dimensional sequence to form
a network.

We primarily focus on macro-search sequence graphs in
this paper. Generally, a macro-search space contains two
tiers of granularity: Stages (also known as Units [4, 25]) and
Layers. Architectures in a search space contain a fixed num-
ber of stages, each assigned a specific latent tensor Height-
Width-Channel (HWC) dimension. Stages could contain a
variable number of layers. Each layer constitutes a node that
defines the specific type of computation such as convolution
vs. attention in Stable Diffusion v1.4 or kernel size/channel
expansion ratio if the layer is an MBConv block.

Each stage is denoted as a subgraph of its layers. The
maximum number of unique subgraphs for a given stage
depends on the number of layers it can contain as well as the
set of layer type combinations that are permitted. Therefore,
the size of the overall search space depends on the number
of stages as well as the number of possible subgraphs for
each stage. We provide an illustration of a sequence-like
graph for a macro-search space in Figure 1, showing how
nodes can be labeled with stage/layer positional features.

3.2. Induced Subgraph Embeddings

Graph Neural Networks (GNN) [47] facilitate message
passing between nodes using a graph’s adjacency matrix.
Each GNN layer represents a ‘hop’ - where each node re-
ceives information from all immediate nodes in its neigh-
borhood. Given node v, let N'(v) = {s € Vg|(s,v) € Eg}
denote the neighborhood of v. Furthermore, let A" €
R4 where d is the embedding vector length, represent
the latent representation of v at layer m. Then, the message
passing function [45] of a GNN layer m can be defined as:

h™ = Combine(Agg(h™ 1, {h™ s e N(v)}) (1)

where the Combine and Agg (Aggregate) functions are de-

termined by GNN type, e.g., GAT [3, 40], GCN [42], etc.
With each successive GNN layer, the receptive field of

v grows as features from more distant nodes are aggregated

into h'. As such, instead of interpreting h]" as the ‘em-
bedding of node v at layer m’, we extend A" to denote the
‘embedding of the m-hop rooted-subgraph induced by node
v’. Figure 1 illustrates how the subgraph encompasses in-
formation from all nodes within an m-hop distance of v.

Graph Aggregation and Prediction. In graph-level pre-
diction problems, the GNN produces a single prediction per
graph. Since graphs can have varying number of nodes
and edges, this requires condensing the node embeddings
from a message passing layer Hy} € RIVe1xd into a sin-
gle, fixed-length embedding representing the whole graph,
hg € R'*4. Typically, this is performed by applying an
arithmetic operation like ‘mean’ [47],

hy = lvl—‘ > nr )
g vEVg

A GNN can contain multiple layers m € [0, M]. Usually, a
single graph embedding is calculated from the output of the
final message passing layer M, which is then fed into a sim-
ple Multi-Layer Perceptron (MLP) to produce a prediction,
yg = MLP(h"). However, it is possible to calculate sub-
graph embeddings at any hop-level, e.g., m < M, including
m = 0. In fact, it is this capability which allows AutoBuild
to ‘score’ and compare subgraphs of different sizes as well
as node feature categories, as we will next discuss.

4. Methodology

In this section, we elaborate on the design of AutoBuild,
specifically the hop-level correlation loss, and how we can
use a Magnitude Ranked Embedding Space to compare sub-
graphs induced by different hop levels. Additionally, we
elaborate on our Feature Embedding MLP (FE-MLP).

4.1. Magnitude Ranked Embedding Space

Graph regressors learn to estimate their target values by
minimizing a loss, such as the Mean-Squared Error (MSE)
or Mean Absolute Error (MAE) between its predictions y’g
and targets yg. However, this approach does not impose any
constraint upon the latent embedding space which makes
the predictor a black box where estimations are hard to in-
terpret. On the other hand, AutoBuild constrains the em-
bedding space by associating high-performance subgraph
stages with high scores, making it easier to interpret results.

Let G; and G5 be two separate architecture graphs in a
training set. In addition to a standard regression loss be-
tween labels and targets, AutoBuild incorporates an addi-
tional constraint into the learning process:

¥m € [0, M] | 1£yg, > yg, then [|hg ||, > [[hgl, - 3)

This constraint ensures that if the ground-truth label for G;
is higher than G5, then the norm of G;’s graph embedding
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should be higher than that of G5 across all hop levels. In
practice, we impose this constraint by augmenting the orig-
inal regression loss with an additional ranking loss,

M
1
L = MSE(yg,yg) + Ml Z(l - p(yg,

m=0

¢l @

where p is the Spearman’s Rank Correlation Coefficient
(SRCC). The value of p = 1 indicates perfect positive
correlation, while p = —1 indicates negative correla-
tion and p = 0 denotes no correlation. If the graph
embedding norms are perfectly aligned with the targets,
o(yg, ||h’gnHl) = 1, the loss term will be zeroed. Typically,
ranking metrics like SRCC are generally considered non-
differentiable and are therefore not usable as loss functions.
However, we utilize the method of Blondel et al., 2020 [2],
which provides an exact, differentiable computation to cal-
culate SRCC across an entire batch of data.

Equation 4 forces the GNN to learn embeddings in a
Magnitude Ranked Embedding Space - where graph em-
bedding norms are correlated with ground-truth targets.
Moreover, since graph embeddings hg' are directly com-
puted from node embeddings h;* per Equation 2, the GNN
is forced to learn which nodes can be attributed to these
more prominent labels and subsequently assign them larger
node embeddings. Thus, the norm of the node embedding,
||k, acts as a learned numerical ‘score’ for the node v,
and by extension, its induced m-hop subgraph.

We further note that the node/subgraph scores do not
require additional architecture annotations, e.g., explicit
ground-truth subgraph labels. Rather subgraph scores are
implicitly learned from the training data. Like other neural
performance predictors [43], the only ground-truth architec-
ture annotations AutoBuild requires to compute Eq. 4 is yg,
the scalar label for architecture G. yg is typically an end-to-
end architecture metric like accuracy, inference latency, or
a combination thereof, as we demonstrate in Sec. 5.

4.2. Comparing Subgraphs at Different Hops

We can interpret the embedding norm ||2}"||; as the score
for the m-hop subgraph rooted at node v. However, this
score is only comparable between subgraphs of the same
hop level. While Equation 4 ensures ranking correlation
between embedding norms and the ground-truth labels, the
distribution of embedding norms can vary between hop lev-
els. Therefore, additional computation is necessary to com-
pare subgraphs of different sizes. We propose a mechanism
that works in the case of macro-search spaces where archi-
tectures can consist of stages (Sec 3.1), since each stage can
consist of one predefined subgraph.

Let u and o refer to the mean and standard deviation
of node embedding norms produced by the GNN at hop-

level m. Also, let 1 , and 0¥ , refer to the mean and stan-
dard deviation of groyund—trutﬁ labels for architectures that
have [ layers (I = m+1). To compare an arbitrary node em-
bedding norm ||A]*||, with a score from another hop-level,
we shift it from A (u?,, o) to N (3, 4504 ;) as follows:

. ol
IRl = By = )« 5 4t )
where ||h£) H: is the shifted embedding norm. Likewise, in
order to compare this subgraph to another one at a different
hop-level, e.g., h;”“ H 1 we would in turn shift that score
using N (pfty 1,00 1) and (il 1, 0% ) instead.
This distribution shift aligns the subgraph scores with
the biases of the target data. While we could standardize
all scores into a normal distribution N(0, 1), such a proce-
dure assumes that subgraphs at different hop levels should
be weighed equally. For example, standardizing prior to
comparison assumes that the average [-hop subgraph should
receive the same score as the average [ 4+ 1-hop subgraph.
However, if the GNN is an accuracy or latency predictor,
using a bigger subgraph at a given stage means the overall
architecture is larger, which on average entails higher accu-
racy and latency [25]. As such, we would expect ;LZ’ 141 1O
exceed p1;, ;. We can interpret the difference 1y, ; ,  —puy, ; as
the performance bias an | + 1-sized stage subgraph enjoys,
and that a smaller [-hop stage subgraph must overcome,
through superior combination of layers, to obtain a higher
score. Therefore, we first standardize using A (u" , "),
which is computed by passing the graph dataset over the
GNN after training is complete. We then unstandardize us-
ing N'(p! ,, 0¥ ), which can be statistically computed from
the trainirfg set.

4.3. Ranking Individual Node Features

The first component of a GNN is typically the embed-
ding layer, m = 0, which translates the original, human-
readable features of graph nodes into numerical vectors that
machine-learning models can better understand. The nodes
can have various types of features, such as discrete opera-
tion types like ‘convolution’, or numerical vectors for tensor
shapes. Positional encodings like the stage u and layer [ are
also considered. The GNN embedding layer is responsible
for refining these different feature categories into a single
continuous vector, h? € R}f‘i.

AutoBuild learns to estimate the importance of individ-
ual node feature categories by incorporating a Feature Em-
bedding Multi-Layer Perception (FE-MLP). The design of
the FE-MLP is straightforward: each node feature category
is assigned a separate feed-forward module that processes it
into a continuous scalar. We then concatenate the scalar
values for all feature categories, and apply an abs non-
linearity to form h?, the ‘0-hop’ node embedding.
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Figure 2. Test SRCC for PN and MBV3 test sets. Specifically, we
train AutoBuild predictors using Eq. 4 for accuracy or inference
latency on several hardware devices, then measure SRCC for every
hop level m € [0, 4] and the predictor MLP (y’).

Although hY consists of scalars from all feature cate-
gories, they do not interact with each other. By coupling this
design choice with the hop-level ranking loss in Equation 4,
the FE-MLP can identify which feature choices should be
assigned high importance scores without any additional in-
formation about the given node. This allows us to easily
determine the importance of each node feature choice once
training is complete, without having to exhaustively evalu-
ate every possible node feature combination.

5. Results

We gauge the effectiveness of AutoBuild in several do-
mains. First, we find Pareto-optimal architectures on two
ImageNet-based macro-search spaces from OFA. Then, we
apply AutoBuild to two domains where we have access to a
limited amount of labeled architectures: Panoptic Segmen-
tation for MS-COCO [ 18] and Inpainting using SDv1.4. For
all experiments, we provide a full description of the training
setup and hyperparameters in the supplementary materials.

5.1. ImageNet Macro-Search Spaces

Our OFA macro-search spaces are ProxylessNAS (PN) and
MobileNetV3 (MBv3). Specifically, each search space fol-
lows the stage-layer layout described in Sec 3.1. Both PN
and MBv3 contain over 10'° architectures and use MB-
Conv blocks as layers. There are 9 types with kernel sizes
k € {3,5,7} and channel expansion ratio e € {3,4,6}. We
further enrich the node features by two position-based node
features that encode a node stage u and layer [ location.
MBVv3 contains 5 stages each with 2-4 layers. Thus, the to-
tal number of architecture module subgraphs for MBv3 is
9% + 92 4 9% = 7.4k. PN has 9 more modules as it includes
a final 6th stage that always has 1 layer.

PN vs. MBv3 Accuracy Operation Scores
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Figure 3. Results of training an accuracy predictor for PN and
MBV3 using the ‘IR’ representation format. Top-left: Accuracy
histogram. Bottom-left: Hop-wise AutoBuild test SRCC. Right:
Operation-type importance scores from the 0-hop FE-MLP. Note:
‘GAP’ means Global Average Pool and ‘BN’ means Batch Norm.

To obtain accuracy labels, we sample and evaluate 3k ar-
chitectures from each search space. Additionally, we obtain
inference latency measurements from [25] for three devices:
RTX 2080 Ti GPU, AMD Threadripper 2990WX CPU, and
Huawei Kirin 9000 Mobile NPU [17].

We gauge the effectiveness of Equation 4 by training
GNN predictors and then measuring the test set SRCC of
the graph embeddings at each hop-level. For the train-
ing/testing data split, we use a ratio of 90%/10% and a batch
size of 128. Figure 2 plots the SRCC values across each
search space and target metric. We observe strong positive
SRCC values across all hop levels for every search space
and target metric. This demonstrates the feasibility of learn-
ing a magnitude-ranked embedding space using Eq. 4.

Cross-Search Space Comparison. To illustrate how the
FE-MLP can assign human-interpretable importance scores
to node-level features, we train an accuracy predictor for
PN and MBv3 using the finer ONNX IR graph format men-
tioned in Sec. 3.1. Unlike sequence graphs, the IR format
represents operation primitives such as conv or ReLU as
nodes while operation type is a categorical node feature.

We present our findings in Figure 3. The 0-hop SRCC
of the predictor is 0.79 so FE-MLP embedding norms are
correlated with accuracy. First, note MBv3 has a higher
accuracy distribution than PN. The FE-MLP captures this
distinction, by assigning high importance to ‘Division’ and
‘ReLLU’ operation nodes, which are part of the h-swish ac-
tivation [12] and Squeeze-and-Excite module (SE) [14] ex-
clusive to MBv3 since PN only uses the ‘ReLU6’ activation.
Additionally, the operation with the highest FE-MLP score
is the ‘Add’, due to its multi-input nature and the frequent
use of long skip-connects. We provide a detailed analysis
of this phenomenon in the supplementary material.

Architecture Construction. Next, we demonstrate how
module subgraph-scoring can help us construct a small
handful of high-efficiency architectures. Specifically, we
build architectures that outperform the accuracy-latency
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Figure 4. Best and worst MobileNetV3 MBConv layer subgraphs
found by AutoBuild using different target equations. Specifically,
we illustrate the best and worst subgraphs, by AutoBuild module
score, when different equations are used to compute the predictor
targets using accuracy and GPU latency.

Pareto frontier formed by the 3k random architectures we
use to train and test our predictors.

First, we plot the accuracy vs. latency Pareto frontiers
for existing architectures. Then, using these architectures,
we train several AutoBuild predictors using different tar-
get label equations that combine both accuracy and latency.
These equations aim to optimize different regions of the
dataset Pareto frontier by emphasizing accuracy and latency
to different degrees, e.g., y = a¢¢/lat, y = acc — lat, etc.

We then compute the AutoBuild score for each archi-
tecture module subgraph in the search space. Figure 4 il-
lustrates the best and worst subgraphs for MBv3 on GPU
latency for different label equations. These results are intu-
itive, e.g., for y = 100, the best subgraph has 4 layers
(the maximum), convolving over many channels (e6) using
the largest possible kernel size (k7), while the worst sub-
graph is small with few channels and low kernel size. When
latency is factored in, the best subgraphs contain fewer lay-
ers yet maintain high expansion e values, while bad sub-
graphs are long sequences containing inefficient blocks.
These results align with [25] who found that MBv3 GPU
latency was primarily driven by the number of layers per
stage rather than layer type.

Next, using the AutoBuild scores, we iterate across each
stage u and select the top-K subgraphs with the highest
scores, forming a reduced search space with size K1*l. In-
dividual architectures that optimize the predictor target can
be quickly constructed by sampling one module subgraph
per stage. If K is small, e.g., K = 3 while |u| = 5, then
K"l = 243. Using OFA [4] supernetworks, a search space
of this size can be exhaustively evaluated in a few hours on
a single GPU. Afterwards, we plot the accuracy and latency

of the constructed architectures against the existing archi-
tecture Pareto frontier.

The top row of Figure 5 illustrates our findings for MBv3
and PN. On MBv3, PN-GPU and PN-NPU we consistently
craft target equations that can focus on regions that con-
tain architectures beyond the Pareto frontier. On MBv3-
CPU, MBv3-NPU and PN-NPU, we achieve better perfor-
mance then architectures on the high-accuracy tail of the
frontier using significantly less latency. On PN-CPU, only
two of the four reduced search spaces outperform the data
Pareto frontier. We note that our equations are manually in-
ferred from the data which is a limitation. Automating the
equation-creation process is a future research direction.

Enhancing Neural Architecture Search. AutoBuild is
not limited to simply constructing a handful of specialized
architectures. By combining the top-K architecture mod-
ule subgraphs from predictors trained using different target
equations, we can craft a reduced search space. Further, we
can then use a NAS algorithm to find a Pareto frontier of
high-efficiency architectures.

Specifically, for target equations in the top row of Fig. 5,
we set K = 25, then combine the set of module sub-
graphs selected for each stage to form our search space. We
perform NAS using a multi-objective evolutionary search
algorithm [20, 23, 37] which performs mutation by ran-
domly swapping unit subgraphs. We denote our approach
as AutoBuild-NAS and compare it to several baselines:
 Stage-Full uses the whole search space. This baseline

performs mutation by changing one of the stage sub-
graphs in an architecture.

* Layer-Full: Similar to Stage-Full with a different muta-
tion mechanism that adds, removes or edits a single layer
at a time, instead of changing whole stage subgraphs.

» Layer-Insight: Layer-Full mutation using the reduced
search spaces of [25], who generate insights by statis-
tically sampling the impact of each stage-layer combi-
nation using many architectures. Manual, human-expert
knowledge is applied to restrict layer choice and the max-
imum number of layers per stage.

We set a search budget of 250 architectures. In the
supplementary materials, we provide additional search de-
tails and calculate the size of each method’s search space.
The bottom row of Figure 5 illustrates our search results.
We note that AutoBuild-NAS leads to superior Pareto fron-
tiers compared to other methods across all search spaces
and hardware devices, specifically all MBv3 tests and PN-
GPU. In fact, while both AutoBuild-NAS and Stage-Full
can break 79% accuracy on MBv3-CPU and MBv3-NPU,
only AutoBuild-NAS achieves this at less than 5ms la-
tency on MBv3-NPU. Also, at the lower-latency end of
the Pareto frontiers, the strongest competitor is generally
Layer-Insight, who also shrink the search space. However,
gains attained by Layer-Insight are quite small and incon-
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Figure 5. Top row: Comparing reduced search spaces produced by AutoBuild (colored clusters; K=3) to the accuracy-latency Pareto
frontier of the architectures used to train the predictor (grey line). Each cluster corresponds to a specific target equation designed to
improve upon a specific region of the frontier. Bottom row: Evolutionary search results comparing the reduced AutoBuild-NAS search
space (K=25) and unit-level mutation to other search spaces and mutation techniques. Best viewed in color.
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Figure 6. Results comparing AutoBuild MBv3 architectures to the
PQ-FLOPs Pareto frontier of fine-tuned architectures from [27].

sistent. Moreover, while Layer-Insight sampled many thou-
sands of architectures to build insights and relies on upon
human knowledge to decide how to reduce the search space,
AutoBuild-NAS is data-driven and only relies on 3% labeled
samples to train each AutoBuild predictor.

5.2. Application to Panoptic Segmentation

AutoBuild can construct architectures for higher-resolution
computer vision tasks, like Panoptic Segmentation (PS) [15,
441 on MS-COCO [18]. However, evaluation on this task is
costly compared to classification as it requires fine-tuning
on over 50GB of VRAM for over 24 V100 GPU hours
per MBv3 architecture. AIO-P [27] provides performance
annotations for ~100 fully fine-tuned and ~1.3%k ‘pseudo-
labeled” MBv3 architectures, respectively.

We train AutoBuild predictors to find MBv3 module sub-
graphs that provide superior and efficient Panoptic Qual-
ity (PQ). Specifically, we calculate module scores by train-
ing predictors on the ‘pseudo-labeled’ architectures using
two target equations: PQ/log1o(F LOPs) aims to maxi-
mize PQ while not finding overtly large architectures, while
V/PQ — VFLOP:s strikes a balance between performance
and computation cost. For each equation, we evaluate a
small handful of constructed architectures, then compare
their PQ and FLOPs to the Pareto frontier derived from the
fully fine-tuned architectures.

Figure 6 presents our findings. First, we note that module
subgraphs selected using y = PQ/log10(F LOPs) obtain

high PQ, generally at or above 39 which is better than any
of the fully fine-tuned architectures from [27]. However,
the FLOPs of these architectures is quite high and gener-
ally overshoots the high-FLOPs tail of the Pareto frontier
by about 5 billion FLOPs. By contrast, architectures con-
structed using y = +/PQ — v F LOPs strike a balance be-
tween performance and the computational burden and out-
perform the existing Pareto frontier. Thus, Fig. 6 demon-
strates the applicability of AutoBuild in scenarios where
evaluation is costly and the ability to use ‘pseudo-labeled’
samples to provide accurate architecture module scores.

5.3. Generative AI with Limited Evaluations

AutoBuild is applicable in emerging Generative Al tasks,
such as Inpainting based on Stable Diffusion, under very
limited architecture evaluations. In this task, we mask out
certain parts of an image and rely on Stable-Diffusion mod-
els to refill the missing part. Training diffusion models in-
volves a forward pass where Gaussian noises are added to
the input image in a step-wise fashion. The masked area
is replaced during inference with Gaussian noise, so only
the reverse process is required to generate new content in
that region. The baseline Inpainting model, SDv1.4 [33],
consists of a VQ-GAN [8] encoder/decoder and a denois-
ing U-Net which has 4 stages, each consisting of a series of
residual convolution and attention layers. We illustrate the
whole model structure in the supplementary.

Our goal is to find a high-performance variant of the
original SDv1.4 U-Net by altering the number of channels
in each stage and enabling/disabling attention or convolu-
tion layers in each stage. Similar to SnapFusion [16], we re-
move attention from the early stages of the network, as they
require too many FLOPs and do not provide much perfor-
mance gain. The above pruning and channel altering forms
a macro-search space containing ~800k architectures.

To apply AutoBuild, we first generate a set of 68 ran-
dom architectures from this search space including SDv1.4
U-Net, each inheriting weights from the original SDv1.4 U-
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Table 1. Comparing AutoBuild to an Exhaustive evaluation tech-
nique on SDv1.4 and the FID scores (lower is better) in the pre-
dictor dataset. Brackets () denote architecture set size.

Arch Set  Eval Archs (68) Exhaustive Search (4) AutoBuild (4)

Ave. FID 22.13 10.82 10.13
Best FID 10.54 10.29 9.96

Net. We fine-tune architectures on the Places365 [48] train-
ing set for 20k steps, then measure the Fréchet Inception
Distance (FID) [1 1] using 3k images from the validation set
with predefined masks. Each architecture fine-tuning (and
the evaluation) takes 1-2 days and over 60GB of VRAM.
As such, traditional NAS methods would require several
dozens of GPUs to explore 0.1% of 800k architectures. We
show that just based on these 68 evaluated architectures,
AutoBuild can directly build better architectures.

To deal with a small number of evaluated architectures,
we train an ensemble of 20 AutoBuild predictors, each
trained on 4/5 of the 68 architectures under a 5-fold split.
This procedure is repeated under 4 random seeds (to shuf-
fle data), leading to 20 predictors. Then, each subgraph,
which is a specific sequence of convolution and attention
layers with a stage label and other features including num-
ber of channels, is scored by a weighted sum of this sub-
graph’s embedding norms under the 20 predictors, where
the weighting is given by the test SRCC between the sub-
graph embedding norms by a predictor and ground-truth la-
bels at the hop-level of the subgraph in question. Thus, we
can use the test SRCC on the remaining 1/5 held-out archi-
tectures as a confidence measure to weigh a predictor’s es-
timation of subgraph importance. For AutoBuild, we fine-
tune and evaluate the top-4 architectures according to the
summation of weighted subgraph scores over each stage.

Additionally, we also consider a baseline search strategy,
which applies Exhaustive Search (ES) to all 800k architec-
tures, with performance estimation provided by an ensem-
ble of 20 predictors trained in the same way as above except
that only the MSE loss (between predicted and ground-truth
FID) is used in training predictors since no node/subgraph
embeddings are generated. The other difference is that the
predictor weight is the test SRCC between FID predictions
and the ground-truth. We then fine-tune and evaluate the
top-4 architectures selected by ES.

Table 1 shows the true FID scores for the top-4 archi-
tectures selected by each method. While both methods can
find architectures that are better than the 68 evaluated archi-
tectures, AutoBuild finds much better architectures than ES
does, on average, and in terms of the best architecture found
(with a much lower FID). This demonstrates the power of
AutoBuild in constructing good architectures through inter-
pretable subgraph mining, which cannot be achieved by en-
sembled predictors trained on the same 68 evaluated archi-
tectures. In addition, ES (with ensembled predictions) is

(g) Original (h) ES (i) AutoBuild

Figure 7. Visual comparison of the best architectures found using
Exhaustive Search and AutoBuild on sample images from SDv1.4.

only possible due to the search space being still relatively
small (800k). Since feeding each candidate architecture
into the predictor will still cause overhead, for even larger
search spaces, ES becomes undesirable or infeasible. We
provide additional details and results in the supplementary.

Finally, we visually compare the inpainting outcomes of
the best architectures found by AutoBuild and ES. Figure 7
provides Inpainting samples from both U-Net variants. The
AutoBuild architecture clearly produces more accurate con-
tent, e.g., faithfully representing the building structure and
the backrests of both benches whereas the ES variant fails
to do so. Thus, these findings demonstrate the robust utility
of AutoBuild and architecture module scoring.

6. Conclusion

We propose AutoBuild, to measure and rank the impor-
tance of the architecture modules that exist within search
spaces as opposed to focusing on traversing the whole de-
sign space as traditional NAS does. AutoBuild applies a
hop-level ranking correlation loss to learn graph embedding
norms that are correlated with architecture performance la-
bels. This method allows us to assign numerical scores to
architecture modules of different sizes. We then use these
scores to quickly construct high-quality classification and
segmentation models to improve or circumvent NAS by re-
ducing the search space. Finally, we show that AutoBuild is
applicable in scenarios, where few architectures have been
evaluated, as we use it to find a high-performance variant
of Stable Diffusion v1.4 for Inpainting based on only 68
labeled architectures.
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