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ABSTRACT

Evaluating architecture performance is a crucial step in neural architecture search
(NAS) but remains computationally expensive. Performance predictors offer an
efficient alternative by learning from a limited set of architecture-performance
pairs. However, previous predictors tend to oversimplify the topological struc-
ture of neural architectures using adjacency matrices, node depths, or computa-
tion flow, which fail to fully capture topological features of architectures, lead-
ing to poor generalization. To address this limitation, we propose TEFormer, a
Topology-Enhanced Transformer that integrates both local and global topologi-
cal information beneficial to performance prediction. Specifically, we employ a
topology-aware flow encoding module that incorporates local topological char-
acteristics via a learnable structural encoding and a flow-based encoder. At the
global level, we design a hierarchical attention mechanism to jointly model intra-
flow and inter-flow interactions within the architecture. To further improve gener-
alization, we propose an architecture augmentation strategy that synthesizes addi-
tional samples by interpolating similar architectures in the latent space. Extensive
experiments on computer vision, graph learning, and automatic speech recognition
tasks demonstrate that TEFormer consistently outperforms state-of-the-art predic-
tors and exhibits superb performance across diverse search spaces.

1 INTRODUCTION

Neural architecture search (NAS) provides an automated solution for discovering well-performing
architectures, achieving superior results over handcrafted models on various domains (Cai et al.,
2020; Ghiasi et al., 2019; Wang et al., 2020; Gao et al., 2020). Typically, NAS consists of three key
components: the search space, the search strategy, and the performance evaluation (Elsken et al.,
2019). Among these, accurate and efficient performance evaluation is crucial for reducing the cost
of NAS. Conventional NAS evaluates candidate architectures by training them from scratch (Zoph &
Le, 2016; Real et al., 2017), which is notoriously time-consuming. As an alternative, performance
predictors (Luo et al., 2018; Ning et al., 2020) can estimate the performance of unseen architec-
tures once trained with a small set of labeled samples, significantly accelerating the NAS process.
Since the topological structure of an architecture plays an essential role in its performance, how to
effectively model such topology becomes a core challenge in performance predictors.

Prevalent methods (Wen et al., 2020; Dudziak et al., 2020) employ graph neural networks (GNNs)
to encode architecture topology through adjacency matrices. Recent works (Yi et al., 2023a;b) adopt
Transformers that treat architectures as fully-connected graphs, incorporating depth-based position
encoding and multi-head self-attention to capture long-range dependencies between operations.

Despite the success of Transformer-based predictors, they tend to overlook the topological order
within the architecture where operations are processed sequentially. In practice, this order corre-
sponds to the forward and backward computation flows of the architecture, functioning as a critical
cue for performance. To incorporate such topological cues, flow-based predictors (Ning et al., 2020;
2022; Hwang et al., 2024) explicitly model the computation flow via asynchronous message passing.
Each operation is updated only after all its predecessors (i.e., operations with incoming edges) have
been processed, thus preserving flow-specific topological information.
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However, existing flow-based approaches still face two key limitations in topological modeling.
First, they lack explicit structural encoding, struggling to distinguish operations with similar type
but different topological properties. In these predictors, an operation is updated based solely on the
embedding of its predecessors, without considering topological properties such as relative distance
or degree of connectivity. As a result, important patterns of architectures, such as skip connec-
tions (He et al., 2016), may not be adequately captured because all operations with the same type
are treated identically during the message passing regardless of their positions. Second, global
interactions are restricted to individual flows. For instance, GATES (Ning et al., 2020) and TA-
GATES (Ning et al., 2022) constrain information propagation to directly connected operations, while
FlowerFormer (Hwang et al., 2024) only models the mutual dependencies along a single flow. In
practice, an architecture often employs multiple concurrent flows to process input data as different
flows can focus on different characteristics of data. For example, in the Inception module (Szegedy
et al., 2015; 2016), parallel convolutions with varying kernel sizes extract multi-scale features of data
that are complementary to each other. Therefore, capturing such cross-flow interactions is crucial
for precise performance estimation.

To overcome these limitations, we propose a Topology-Enhanced Transformer (TEFormer) that fully
exploits both local and global topological information of neural architectures. Specifically, we first
introduce a topology-aware flow encoding module that embeds local topological features into the
modeling of bidirectional computation flow via a learnable structural encoding. The structural en-
coding is initialized with random walk probabilities, which can express the relative distances (Ying
et al., 2021) and high-order neighborhoods of operations (Gasteiger et al., 2019). Given the nature of
random walks and the bidirectional flow modeling, this approach is particularly well-suited for cap-
turing the complex directional dependencies in neural architectures compared with popular position
encodings like shortest relative distance and Laplacian eigenvector. Besides, we design a hierarchi-
cal attention mechanism that computes attention scores over a masked adjacent matrix. This enables
TEFormer to capture intra-flow and inter-flow dependencies among operations globally.

Due to the high cost of obtaining ground-truth performance of architectures, only a small number
of labeled architectures are available for training performance predictors, highlighting the need for
strong generalization of predictors under data-scarce conditions. Graph Transformers are particu-
larly prone to overfitting in such few-shot scenarios (Ma et al., 2023). Although prior works (Liu
et al., 2021; Yi et al., 2023a) augment data by permuting operation orders of architectures, they are
incompatible with our topology-aware flow encoding module, which processes operations strictly
according to the topological order of the architecture regardless of the permutations. To address
this, we propose an interpolation-based architecture augmentation strategy. For each architecture,
we find its most similar counterpart within a mini-batch based on representation and label similarity,
and interpolate their latent representations to synthesize augmented samples. This interpolation-
based strategy not only improves the generalization of TEFormer in low-data regimes but also helps
ensure the validity of generated samples, as directly operating on raw architectures may yield invalid
ones, such as architectures with incorrect computation flows.

We conduct rigorous experiments across a wide range of NAS search spaces, covering computer
vision, graph learning, and automated speech recognition tasks. Experimental results demonstrate
the effectiveness of TEFormer in evaluating architecture performance and searching for promising
architectures. For instance, TEFormer can discover well-performing architectures with 76.4% and
97.59% classification accuracy on ImageNet and CIFAR-10 datasets, respectively. Our key contri-
butions are summarized as follows:

• We introduce TEFormer, a Topology-Enhanced Transformer that integrates local topology-
aware flow encoding and global hierarchical attention to capture complex architecture
topology for accurate performance prediction.

• We design a novel interpolation-based architecture augmentation strategy that synthesizes
informative training samples, fueling TEFormer to generalize well in data-scarce scenarios.

• We conduct extensive experiments on diverse NAS search spaces, showing that TEFormer
consistently outperforms competitive predictors. Ablation studies and sensitivity analyses
further validate the contribution of each component.
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2 RELATED WORKS

2.1 PERFORMANCE PREDICTOR FOR NAS

Performance predictors aim to directly estimate unseen architectures after being trained on a small
number of labeled samples, thus significantly improving the evaluation efficiency of NAS. Typically,
a predictor is composed of an encoder that transforms input architectures into informative represen-
tations and a regressor that predicts corresponding performance. Extracting topological features of
architectures is a critical challenge for predictors. Early approaches adopt multi-layer perceptron
(MLP) as the encoder (Cai et al., 2020; Liu et al., 2018), treating each architecture as a fixed-length
sequence. However, this paradigm often performs poorly due to inappropriate structural encoding
of architectures. To harness rich topological information, a large number of predictors embrace
GNN and Transformer as encoders to model architectures as graphs. For instance, the GNN-based
BRP-NAS (Dudziak et al., 2020) and the Transformer-based NAR-Former (Yi et al., 2023a) employ
adjacency matrix and depth-based positional encoding to model the topological structure. Despite
their effectiveness, these methods still ignore the computation flow within the architecture (i.e., for-
ward and backward passes), which conveys vital topological cues for performance prediction.

To preserve the flow information, flow-based methods process operations following the topological
order inherent in the architecture. GATES (Ning et al., 2020) and TA-GATES (Ning et al., 2022)
represent architectures as directed acyclic graphs (DAGs) and update operation embeddings in the
same order that information propagates through the architecture. Nevertheless, both predictors are
limited to local structural patterns. FlowerFormer (Hwang et al., 2024) extends this line by incorpo-
rating global interactions through a flow-aware attention module, resulting in notable performance
improvements. Nevertheless, it does not integrate any structure encoding into the architecture rep-
resentation, which inevitably leads to the loss of topological information (Zhu et al., 2023).

2.2 GRAPH TRANSFORMERS

Transformers (Vaswani et al., 2017) have achieved remarkable success in natural language pro-
cessing and demonstrated great potential in graph learning because of their powerful self-attention
mechanism. Compared to sequences, graph topology is more complex, making it crucial to inject
topological information of graphs into Transformers. A common scheme enriches graph representa-
tions with various structural encodings, such as Laplacian eigenvectors (Kreuzer et al., 2021), short-
est relative distance (Ying et al., 2021), and random walks (Ma et al., 2023). In this paper, we adopt
a learnable structural encoding based on random walks because it can effectively express multi-hop
dependencies and directional patterns that are crucial for modeling DAG-like neural architectures.

Another line of approaches revolves around tailoring attention mechanisms to model graph topol-
ogy. For instance, SAT (Chen et al., 2022) integrates subgraph information into attention computa-
tion, and Exphormer (Shirzad et al., 2023) introduces virtual nodes to approximate fully connected
graphs. DAGFormer (Luo et al., 2023) highlights the structural bias in directed graphs by restricting
the attention of each node to its predecessors and successors along directed paths. However, these
methods are proposed for generic graph learning and often require domain-specific adaptations (Luo
et al., 2023) like neural architecture modeling. To this end, we propose a hierarchical attention mech-
anism that captures intra-flow and inter-flow dependencies to refine architecture representations.

3 PRELIMINARY

Notation. We denote each input architecture X = (V, E) as a DAG, where the node set V stands
for operations and the edge set E represents the connections. Let A ∈ {0, 1}N×N denote the
asymmetric adjacency matrix of an architecture with N nodes, where Au,v = 1 when (u, v) ∈ E .
A⊤ is the transpose of A. If (u, v) ∈ E , we call u a predecessor of v and use P (v) as the predecessors
of v. We denote the degree, in-degree and out-degree matrix as D,Din, Dout ∈ RN×N , respectively.

Random Walks on Graphs. The topological relationship between nodes can be expressed by a k-
step random walk. A transition matrix is defined by T = D−1A ∈ [0, 1]N×N , where Tu,v represents
the probability of transitioning node u to node v in a single random walk step (Li et al., 2020). The
k-step random walk matrix is then computed as RW = {T, T 2, . . . , T k} ∈ [0, 1]k×N×N .

3
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Figure 1: Overview of TEFormer. TEFormer extracts local and global topological features through
two dedicated modules. For local features, the topology-aware flow encoding module embeds topo-
logical information into the flow-based encoder via a learnable structural encoding based on random
walks. The operations are updated according to a fixed topological order. For global features, the
proposed hierarchical attention mechanism models inter-flow and intra-flow dependencies through
a tailored a mask matrix. Subsequently, both features are aggregated to obtain the architecture rep-
resentation R through a readout function. Finally, we design an augmentation strategy to enrich the
training set, which interpolates each architecture with the most similar one in terms of representa-
tion and label within the mini-batch. The overall loss function includes a ranking loss Lrank that
encourages correct relative orderings, and an augmentation loss Laug that places the performance of
augmented samples between the source architectures.

4 METHODOLOGY

In this section, we introduce TEFormer, a Transformer that effectively captures both local and global
topological information of neural architectures. We begin by detailing the topology-aware flow en-
coding module that injects topological characteristics into the flow encoding. Next, we present a
hierarchical attention mechanism that models the dependencies along and across multiple flows.
Finally, we propose an interpolation-based architecture augmentation strategy to mitigate the over-
fitting problem of the predictor. The overall framework of TEFormer is illustrated in Figure 1.

4.1 TOPOLOGY-AWARE FLOW ENCODING MODULE

We follow the common flow-based scheme (Ning et al., 2022; Hwang et al., 2024) to update op-
erations based on the topological order defined by the architecture. To encode local topological
information, we introduce a learnable structural encoding. We start by describing how operations
are partitioned into multiple groups.

Topological Group Partition. For an architecture X = (V, E), operations are divided into B
topological groups G0, G1, . . . , GB , where each group is processed only after earlier groups are
updated. The first group G0 is composed of input nodes. After that, at each step t, we create a new
group Gt by scanning all the unassigned nodes. A node is added to group Gt if all the nodes it
depends on have already been assigned to earlier groups G0, G1, . . . , Gt−1:

Gt =

{
v ∈ V \

t−1⋃
i=0

Gi

∣∣∣∣∣ ∀(u, v) ∈ E , u ∈
t−1⋃
i=0

Gi

}
(1)

This ensures that any node in group Gt can use all the updated information it needs from prior
groups. This process is iterative and continues until all nodes have been assigned. The final group
contains only the output node.

4
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Learnable Structural Encoding. Once the topological groups are determined, we update node
features strictly following the order of the assigned groups. For each node u, its feature hu is up-
dated by aggregating messages from its predecessors and combining these messages with its own
feature. To preserve topological information during the aggregation process, we incorporate a learn-
able structural encoding based on k-step random walks RW = {T, T 2, . . . , T k} as introduced in
the preliminary, where k is set to the number of topological groups. Each element RWv,u is passed
through an MLP to generate the learnable structural encoding SEv,u. This encoding is used to
initialize the corresponding edge feature ev,u, thus expressing the relative relationship.

Considering that both forward and backward passes are included when modeling neural architectures
in flow-based methods (Ning et al., 2022; Hwang et al., 2024), we follow this convention and encode
the bidirectional computation flow.

Forward Flow Encoding. In the l-th flow layer, each node updates its hidden state by combining
its previous state with the information propagated from its predecessor nodes. The message from
the predecessor v is generated by assigning an attention weight based on the predecessor’s feature
hl
v , the previous feature of target node hl−1

u , and the corresponding edge feature elv,u:

hl
v,u = Softmax(wl

1

⊤
hl
v + wl

2

⊤
hl−1
u + wl

3

⊤
elv,u)h

l
v, v ∈ P (u) (2)

where wl
1, wl

2, and wl
3 are trainable weights. We than aggregate all predecessor messages to obtain

the overall incoming information for node u. The aggregated message hl
P (u) can be computed as:

hl
P (u) = Agg({hl

v,u|v ∈ P (u)}) (3)

where Agg is an aggregate function. Here, we choose the addition function. Subsequently, we can
update the state of node u by combining its previous feature hl−1

u and the aggregated message from
all predecessors hl

P (u):

hl
u = GRU(hl−1

u , hl
P (u)) (4)

where GRU denotes Gated Recurrent Unit (Thost & Chen, 2021), which functions as a combine
operator and can model sequential data effectively. For input nodes, the initial state of the GRU is
set to zero.

Backward Flow Encoding. After the forward pass, we incorporate the backward information by
traversing the architecture in a reverse topological order, which starts from the output node. The
reverse random walk is defined as ˜RW = {T̃ , T̃ 2, . . . , T̃ k}, where T̃ = D−1

in A⊤. Other updating
steps are consistent with the forward process.

After modeling the bidirectional flows, we can obtain the output node feature H l
f ∈ RN×d of the

l-th flow layer, where d is the feature dimension.

4.2 HIERARCHICAL ATTENTION MECHANISM

To leverage global topological features of architectures, we propose a hierarchical attention mecha-
nism that focuses on long-range relationships along the individual flow and across different flows.

Unlike the standard self-attention that connects all pairs of nodes indiscriminately, we customize a
binary mask matrix M ∈ {0, 1}N×N to selectively involve the intra-flow and inter-flow interactions.
For nodes v and u, Mv,u will be 1 if and only if 1) there exists a directed path between v and u, or 2) v
and u belong to the same topological group. The first type of mask expands the receptive field of each
node from direct neighbors to all reachable nodes along a directed flow, thereby excavating richer
computational dependencies of architectures. The second type of mask enables communication
among nodes within the same topological group, which are executed in parallel in a real-world
architecture, thus enabling effective information exchange across multiple computation flows.

Given the mask matrix M , we can obtain the node feature H l
attn ∈ RN×d in the l-th attention layer:

H l
head−i = (M ⊙ Softmax(

Ql
i(K

l
i)

⊤
√
d

))V l
i , (5)

H l
attn = FeedForward(||mi=1H

l
head−i) (6)

5
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where Ql
i = H l−1(WQ)

l
i, K

l
i = H l−1(WK)li, and V l

i = H l−1(WV )
l
i denote the query, key, and

value matrices of the i-th attention head, respectively. H l−1 is the node feature of the (l − 1)-th
encoder layer. (WQ)

l
i, (WK)li, and (WQ)

l
i are trainable parameters. || denotes concatenation, ⊙

denotes element-wise multiplication, m is the number of attention heads.

The output node feature H l of the l-th encoder layer is obtained by fusing the local feature H l
f

produced by the l-th flow layer and the global feature H l
attn produced by the l-th attention layer:

H l = BN(MLP (H l
f +H l

attn) +H l
f +H l

attn), (7)
where BN denotes batch normalization. In our implementation, MLP is a two-layer MLP with
ReLU activation function. After that, we can generate the representation RX of architecture X from
the node feature HL ∈ RN×d that output by the L-th encoder layer:

RX = Readout({HL
i |i ∈ V}) (8)

where Readout is a graph pooling function. In our case, we adopt the simple average pooling.

4.3 INTERPOLATION-BASED ARCHITECTURE AUGMENTATION

The effectiveness of performance predictors heavily relies on the number of available labeled archi-
tectures, which are typically scarce due to the prohibitive cost of training. This scarcity of training
data significantly hinders the generalization of predictors. To address this challenge, we introduce
an interpolation-based augmentation strategy to enrich the training set and enhance generalization.

Specifically, we sample architecture pairs and perform interpolation in the latent space to create
augmented samples. To ensure the quality of the augmented data (Wang et al., 2021b; Ling et al.,
2023), each architecture is paired with another one that is similar in both representation space and
performance label. The similarity between two architecture (Xi, Xj) is defined as:

Sim(Xi, Xj) = Norm(R⊤
i Rj)︸ ︷︷ ︸

Representation Similarity

· exp(−|Yi − Yj |︸ ︷︷ ︸
Label Similarity

) (9)

where Ri and Rj denote the representations of Xi and Xj , respectively. Yi and Yj denote their
corresponding ground-truth performance. Norm represents a min-max normalization operation.
Both representation-level and label-level similarities are scaled to the range (0, 1) and have equal
importance in the overall similarity. For each architecture X , we select its most similar counterpart
X ′ within the mini-batch to perform interpolation. The resulting augmented representation RA(X)

and its corresponding label YA(X) are given by:

RA(X) = λRX + (1− λ)RX′ , YA(X) = λYX + (1− λ)YX′

s.t. X ′ = argmax
X′

Sim(X,X ′)
(10)

where λ ∼ Beta(α, α) and α is a hyperparameter controlling the degree of interpolation.

4.4 LOSS FUNCTION

To predict architecture performance from the learned representation, we place an MLP after the en-
coder. Since distinguishing relative ranking between architectures is more important than estimating
their absolute performance (Xu et al., 2021), we employ a hinge ranking loss here:

Lrank =
∑

(i,j)∈S

[b− (Ŷi − Ŷj) ∗ sign(Yi − Yj)]+ (11)

where [·]+ = max(0, ·). S denotes the training set and b is a margin parameter. Lrank will be 0
when the predicted ordering matches the ground truth and the prediction difference exceeds b.

Since each augmented sample is generated via interpolation, it is expected to exhibit intermediate
performance between the source architectures. Hence, we design a loss function for augmentation:

Laug =
∑
i∈S

[b− (Ŷi − ˆYA(i)) ∗ sign(Yi − YA(i))]+ + [b− (Ŷ ′
i − ˆYA(i)) ∗ sign(Y ′

i − YA(i))]+ (12)

where Y ′
i and YA(i) denote the ground-truth performance of the paired sample and the interpolated

performance of the augmented sample, and Ŷ ′
i , ˆYA(i) are their corresponding predicted scores.
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Table 1: Kendall’s Tau on NAS-Bench-101, NAS-Bench-201, and NAS-Bench-301. The results are
scaled up by a factor of 100. Bold indicates the best.

Search spaces NAS-Bench-101 NAS-Bench-201 NAS-Bench-301

Training portions 1% 5% 10% 50% 1% 5% 10% 50% 1% 5% 10% 50%

GatedGCN (Bresson & Laurent, 2017) 67.4 (6.0) 79.6 (4.1) 82.0 (5.1) 84.8 (5.9) 70.9 (1.8) 84.1 (0.6) 88.6 (0.3) 92.3 (0.1) 61.8 (2.4) 70.0 (0.9) 71.4 (1.0) 72.7 (1.5)

DAGNN (Thost & Chen, 2021) 72.4 (4.5) 82.9 (3.1) 84.4 (4.4) 85.9 (5.3) 75.8 (1.0) 87.5 (0.8) 90.6 (0.2) 92.6 (0.0) 61.5 (1.9) 70.9 (0.5) 73.4 (1.2) 76.1 (1.3)

GraphGPS (Rampášek et al., 2022) 70.6 (4.4) 81.7 (3.8) 83.9 (4.2) 85.9 (5.1) 71.3 (1.3) 82.5 (0.6) 87.8 (0.5) 92.7 (0.1) 59.7 (1.8) 69.3 (0.9) 70.7 (1.2) 73.8 (0.7)

NAR-Former (Yi et al., 2023a) 59.4 (8.8) 72.0 (8.2) 75.5 (10.2) 79.8 (5.9) 62.3 (4.0) 80.7 (1.8) 87.3 (0.7) 88.9 (0.3) - - - -

TA-GATES (Ning et al., 2022) 70.8 (6.0) 82.3 (2.7) 83.9 (3.5) 86.3 (3.9) 77.7 (1.7) 86.3 (0.8) 88.7 (0.3) 91.4 (0.5) 61.3 (1.2) 68.9 (1.6) 71.8 (1.6) 75.4 (0.7)

FlowerFormer (Hwang et al., 2024) 75.0 (2.9) 86.1 (0.8) 88.1 (0.2) 89.6 (0.1) 80.0 (0.8) 89.8 (0.3) 91.3 (0.2) 92.9 (0.1) 64.2 (1.6) 72.2 (1.0) 73.6 (1.3) 77.5 (0.7)

TEFormer (ours) 78.9 (3.8) 86.5 (0.2) 88.6 (0.1) 90.3 (0.1) 81.1 (0.4) 90.7 (0.2) 91.7 (0.1) 93.5 (0.1) 66.9 (1.1) 73.0 (0.5) 74.3 (0.5) 78.1 (0.1)

Table 2: Precision@K on NAS-Bench-101, NAS-Bench-201, and NAS-Bench-301. The training
portion is set to 5%. The results are scaled up by a factor of 100. Bold indicates the best and
underline indicates the second.

Search spaces NAS-Bench-101 NAS-Bench-201 NAS-Bench-301

K 1 5 10 50 1 5 10 50 1 5 10 50

GatedGCN (Bresson & Laurent, 2017) 44.4 (7.6) 65.6 (3.5) 76.2 (2.7) 90.5 (2.1) 42.3 (3.7) 68.5 (3.1) 80.9 (1.9) 94.1 (0.6) 19.1 (4.1) 55.2 (4.5) 71.8 (2.9) 85.4 (0.4)

DAGNN (Thost & Chen, 2021) 41.7 (5.9) 65.4 (4.2) 79.3 (2.9) 92.0 (1.3) 49.6 (6.2) 69.7 (3.0) 83.1 (0.7) 95.3 (0.9) 23.1 (2.1) 58.3 (3.4) 73.1 (1.5) 85.8 (0.4)

GraphGPS (Rampášek et al., 2022) 44.3 (12.2) 67.1 (2.7) 78.7 (1.9) 91.2 (2.0) 49.4 (4.6) 67.9 (4.9) 78.9 (3.4) 93.4 (0.3) 20.6 (2.1) 57.2 (3.8) 73.4 (2.5) 84.8 (0.5)

NAR-Former (Yi et al., 2023a) 47.2 (9.9) 62.6 (7.9) 67.8 (8.4) 85.9 (5.2) 49.5 (6.5) 64.7 (2.0) 69.9 (2.0) 92.3 (1.0) - - - -

TA-GATES (Ning et al., 2022) 44.6 (9.7) 66.6 (4.0) 78.1 (4.6) 91.8 (1.2) 49.4 (3.1) 66.7 (3.3) 78.1 (2.8) 94.8 (0.7) 20.1 (5.0) 56.2 (6.1) 72.4 (3.6) 84.7 (0.7)

FlowerFormer (Hwang et al., 2024) 46.5 (11.2) 70.0 (1.5) 80.9 (1.8) 92.7 (1.7) 57.0 (5.4) 74.7 (1.8) 85.2 (1.3) 96.9 (0.7) 20.8 (3.7) 58.5 (2.5) 74.7 (2.4) 86.6 (0.6)

TEFormer (ours) 49.8 (7.6) 68.8 (1.1) 81.9 (2.5) 93.1 (1.0) 58.7 (5.2) 75.5 (2.0) 86.5 (1.8) 97.4 (0.3) 25.4 (1.3) 65.2 (0.9) 78.6 (0.5) 86.9 (0.2)

Finally, the overall training objective combines both losses:
L = Lrank + λ1Laug (13)

where λ1 is a weighting coefficient that controls the intensity of the augmentation.

5 EXPERIMENTS

In Sec 5.1, we evaluate the ranking performance of TEFormer across five NAS search spaces. In
Sec 5.2, we conduct search experiments on ImageNet (Deng et al., 2009) and CIFAR-10 (Krizhevsky
et al., 2009) datasets. In Sec 5.3, we present ablation studies and sensitivity analyses for TEFormer.
Results about computational efficiency can be found in Appendix E.1.

Experimental Settings: In ranking experiments, we compare TEFormer with competitive pre-
dictors on five search spaces, including computer vision (i.e., NAS-Bench-101 (Ying et al., 2019),
NAS-Bench-201 (Dong & Yang, 2020), NAS-Bench-301 (Zela et al., 2022)), graph learning (i.e.,
NAS-Bench-Graph (Qin et al., 2022)), and automatic speech recognition tasks (i.e., NAS-Bench-
ASR (Mehrotra et al., 2021)). For searching experiments, we use DARTS (Liu et al., 2019) space to
search promising architectures on ImageNet (Deng et al., 2009) and CIFAR-10 (Krizhevsky et al.,
2009). In parallel to prior works (Ning et al., 2020; 2022; Yi et al., 2023a), we mainly use Kendall’s
Tau (Sen, 1968) to measure the ranking performance of predictors. Besides, we adopt another pop-
ular metric, Precision@K (Hwang et al., 2024) (the portion of actual top-K% architectures among
the predicted top-K% ones), to evaluate the top-ranking ability of predictors.

5.1 RANKING EXPERIMENTS

In this series of experiments, we follow the settings of data splits in the previous work (Hwang et al.,
2024). We perform the experiments with various portions of the training set (1%, 5%, 10%, and
50%) and use another 40 architectures as the validation set. Results are averaged over nine runs.

Results on Computer Vision Tasks: We report the Kendall’s Tau of TEFormer on three computer
vision search spaces and compare it with several baseline methods in Table 1. It can be observed
that TEFormer surpasses all competitors consistently across all search spaces. Considering that only
a small fraction of the entire search space can be used for training the predictor in practice, we
primarily focus on the results under low training data. Compared to the previous state-of-the-art
FlowerFormer (Hwang et al., 2024), TEFormer improves Kendall’s Tau by 3.9 on NAS-Bench-
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Table 3: Kendall’s Tau on NAS-Bench-Graph (NB-G) and NAS-Bench-ASR (NB-ASR). The results
are scaled up by a factor of 100. Bold indicates the best.

Search Spaces Predictors
Training portions

1% 5% 10% 50%

NB-G

DAGNN (Thost & Chen, 2021) 48.1 (3.2) 64.4 (1.2) 67.4 (1.1) 73.1 (0.8)
TA-GATES (Ning et al., 2022) 33.1 (1.4) 34.1 (2.0) 35.4 (0.8) 35.7 (0.5)
FlowerFormer (Hwang et al., 2024) 49.5 (1.1) 65.9 (1.3) 68.9 (0.6) 72.7 (0.2)
TEFormer (ours) 52.0 (1.1) 67.1 (0.4) 69.6 (0.1) 73.5 (0.1)

NB-ASR

DAGNN (Thost & Chen, 2021) 29.5 (3.9) 40.9 (2.4) 45.2 (1.3) 44.0 (0.4)
TA-GATES (Ning et al., 2022) 34.0 (2.3) 41.4 (2.0) 44.9 (2.2) 50.9 (0.8)
FlowerFormer (Hwang et al., 2024) 31.1 (8.0) 44.0 (0.9) 47.3 (1.3) 52.2 (1.4)
TEFormer (ours) 34.8 (1.2) 47.5 (0.5) 49.4 (0.8) 53.9 (0.6)

Table 4: Comparison with state-of-the-art NAS
methods on ImageNet. Search cost is measured
by GPU Days (G·D). Bold indicates the best.

Methods Top-1 / 5 (%) # P (M) Cost (G·D)
DARTS (Liu et al., 2019) 73.3 / 91.3 4.7 4

DARTS+PT (Wang et al., 2021a) 74.5 / 92.0 4.6 0.8
Shapley-NAS (Xiao et al., 2022) 75.7 / 92.7 5.1 0.3

SWD-NAS (Xue et al., 2024) 75.5 / 92.4 6.3 0.13

TE-NAS (Chen et al., 2021) 75.5 / 92.5 5.4 0.17
ξ-GSNR (Sun et al., 2023) 75.5 / 92.5 5.5 0.017

SWAP-NAS (Peng et al., 2024) 76.0 / 92.4 5.8 0.006
AngleLoss (Yang et al., 2023) 75.9 / 92.9 5.9 0.11

NAO (Luo et al., 2018) 74.3 / 91.8 11.35 200
BONAS-D (Shi et al., 2020) 74.6 / 92.0 4.8 10.0
PRE-NAS (Peng et al., 2022) 76.0 / 92.6 6.2 0.6
TNASP-B (Lu et al., 2021) 75.5 / 92.5 5.1 0.3
PINAT-T (Lu et al., 2023) 75.1 / 92.5 5.2 0.3

CARL (Ji et al., 2025) 76.1 / 92.8 5.3 0.3
HyperNAS (Lv et al., 2025) 75.4 / 92.5 6.6 -

TEFormer (ours) 76.4 / 93.0 5.6 0.3

Table 5: Comparison with state-of-the-art NAS
methods on CIFAR-10. Search cost is measured
by GPU Days (G·D).

Methods Acc. (%) # P (M) Cost (G·D)
DARTS (Liu et al., 2019) 97.24 3.3 4

DARTS+PT (Wang et al., 2021a) 97.52 3.3 0.8
Shapley-NAS (Xiao et al., 2022) 97.57 3.6 0.3

SWD-NAS (Xue et al., 2024) 97.49 3.2 0.13

ξ-GSNR (Sun et al., 2023) 97.53 3.7 0.01
AngleLoss (Yang et al., 2023) 97.44 3.2 0.09

NAS-BOWL (Ru et al., 2021) 97.50 3.7 3
BANANAS (White et al., 2021) 97.43 3.6 11.8

TNASP (Lu et al., 2021) 97.48 3.6 0.3
NPENAS-NP (Wei et al., 2022) 97.56 3.5 1.8
NAR-Former (Yi et al., 2023a) 97.52 3.8 0.24

PINAT (Lu et al., 2023) 97.58 3.6 0.3
CARL (Ji et al., 2025) 97.67 3.7 0.25

HyperNAS (Lv et al., 2025) 97.61 3.8 0.1

TEFormer (ours) 97.59 4.0 0.3

101, 1.1 on NAS-Bench-201, and 2.7 on NAS-Bench-301 when using 1% training data. Besides,
TEFormer achieves a higher Kendall’s Tau than several baseline methods with significantly fewer
training samples. For example, TEFormer trained with 1% data outperforms NAR-Former (Yi et al.,
2023a) with 10% training data by 3.4 on NAS-Bench-101. The comparison in terms of Precision@K
is reported in Table 2, showing that TEFormer ranks first on most data splits. These results clearly
demonstrate the superior ranking capability of TEFormer, particularly in data-scarce scenarios.

Results on Other Tasks: To validate the scalability of TEFormer beyond computer vision tasks,
we conduct experiments on two search spaces that focus on graph learning and automatic speech
recognition tasks. As shown in Table 3, TEFormer still outperforms competitive baselines on both
search spaces. While TA-GATES (Ning et al., 2022) ranks second on NAS-Bench-ASR with 1%
training data, it performs poorly on NAS-Bench-Graph due to its limited ability to model the com-
plex topology of GNNs. Instead, TEFormer leverages both local and global topological information
of architectures, showing strong generalization to challenging tasks across different domains.

5.2 SEARCH EXPERIMENTS

Following the convention (Wen et al., 2020; Liu et al., 2022), we randomly sample a large number
of architectures in DARTS (Liu et al., 2019) search space and evaluate them with the predictor. The
predicted top-1 architecture is retrained to get the final test accuracy. To reduce the search cost,
we train TEFormer using 100 random architectures in DARTS and their validation accuracy at 100
training epoch. The final architecture is searched on CIFAR-10 and the transferred to ImageNet.
Detailed information about the searched results (mean value, standard deviation, and visualization)
can be in Appendix E.5.
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Results on ImageNet: We compare the experimental results of TEFormer on ImageNet with one-
shot, zero-shot, and predictor-based NAS methods (top to bottom) in Table 4. It can be observed
that TEFormer achieves a 76.4% Top-1 accuracy and a 93.0% Top-5 accuracy, outperforming other
strong competitors. Although zero-shot methods like SWAP-NAS (Peng et al., 2024) take fewer
search costs, TEFormer still has an advantage in classification accuracy.

Results on CIFAR-10: The results on CIFAR-10 are included in Table 5. Compared with other
state-of-the-art methods, the proposed TEFormer still achieves competitive performance. For in-
stance, the test accuracy of TEFormer is 0.07% higher than NAR-Former (Yi et al., 2023a) and
0.11% higher than TNASP (Lu et al., 2021), which also use Transformer as the backbone.

Table 6: Ablation studies on components of TEFormer on NAS-Bench-101. The results are scaled
up by a factor of 100. Bold indicates the best. ‘PE’ is short for position encoding.

Row Setup Kendall’s Tau
1 TEFormer (ours) 78.9 (3.8)

2 Remove our structural encoding 75.3 (3.4)

3 Our structural encoding → Laplacian matrix (Lu et al., 2021) 76.7 (3.5)

4 Our structural encoding → NAR-Former PE (Yi et al., 2023a) 74.6 (2.6)

5 Our attention → Transformer attention (Vaswani et al., 2017) 75.9 (2.9)

6 Our attention → FlowerFormer attention (Hwang et al., 2024) 76.2 (2.4)

7 Remove our augmentation 75.7 (2.8)

8 Dual similarities → Representation similarity 77.6 (3.1)

9 Dual similarities → Label similarity 78.3 (3.5)

10 Dual similarities → Random interpolation 75.8 (3.4)

11 Our augmentation → NAR-Former augmentation (Yi et al., 2023a) 75.9 (3.1)

Table 7: Sensitivity of TEFormer to step k. The
results are scaled up by a factor of 100.

Step k 1 2 3 4 5 6 7
Mean 76.3 77.9 77.9 77.2 78.2 78.9 78.5
Std 4.7 4.2 4.4 4.1 4.2 3.8 4.0

Table 8: Sensitivity of TEFormer to α. The re-
sults are scaled up by a factor of 100.

α 0.1 0.2 0.5 1 1.5 2 5
Mean 78.3 78.1 78.1 78.9 78.2 77.8 77.6
Std 4.2 4.2 4.1 3.8 4.1 4.4 4.7

5.3 ABLATION STUDY AND SENSITIVITY ANALYSES

To investigate the impact of each component of TEFormer, we perform ablation studies and sensi-
tivity analyses on NAS-Bench-101 with 1% training portion. Results are averaged over 9 runs.

Structural Encoding. Row (2) in Table 6 demonstrates that removing structural encoding from
TEFormer leads to a significant performance drop. Besides, Rows (3) and (4) reveal that the struc-
tural encoding used in previous predictors performs poorly. The superb performance in Row (1)
confirms the importance of incorporating our learnable structural encoding based on random walks.

Global Attention. Rows (5) and (6) in Table 6 show that replacing hierarchical attention with
alternative mechanisms deteriorates the performance of TEFormer, indicating the significance of
modeling both intra-flow and inter-flow interactions within the architecture.

Augmentation Strategy. Rows (7) to (11) in Table 6 demonstrate that removing or altering the aug-
mentation strategy causes a notable performance decline. The failure of permutation-based strategies
is due to the fixed execution order in our topology-aware flow module.

Number of Step k. As shown in Table 7, the performance of TEFormer peaks at k = 6 and other
values of k also perform well. k = 6 yields the best results because it is equal to the depth of the
architecture, which can fully express high-order topological characteristics.

Hyperparameter α in Equation (10). Table 8 shows that TEFormer is insensitive to the choice of
α. This is because interpolated samples are generated from highly similar architectures. Hence, the
augmentation remains effective without much tuning of α.
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6 CONCLUSION

In this paper, we propose TEFormer, a novel topology-enhanced Transformer tailored for architec-
ture performance prediction. TEFormer effectively captures local and global topological informa-
tion inherent in architectures through a topology-aware flow encoding module and a hierarchical
attention mechanism. Additionally, we introduce an architecture augmentation strategy that yields
high-quality augmented samples to further enhance the generalization capability of TEFormer. Rig-
orous experiments demonstrate that TEFormer achieves state-of-the-art performance across a variety
of NAS search spaces.
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Ladislav Rampášek, Michael Galkin, Vijay Prakash Dwivedi, Anh Tuan Luu, Guy Wolf, and Do-
minique Beaini. Recipe for a general, powerful, scalable graph transformer. Proc. of NeurIPS,
2022.

Esteban Real, Sherry Moore, Andrew Selle, Saurabh Saxena, Yutaka Leon Suematsu, Jie Tan,
Quoc V Le, and Alexey Kurakin. Large-scale evolution of image classifiers. In Proc. of ICML,
2017.

Binxin Ru, Xingchen Wan, Xiaowen Dong, and Michael Osborne. Interpretable neural architecture
search via bayesian optimisation with weisfeiler-lehman kernels. In Proc. of ICLR, 2021.

Pranab Kumar Sen. Estimates of the regression coefficient based on kendall’s tau. Journal of the
American statistical association, 1968.

Prithviraj Sen, Galileo Namata, Mustafa Bilgic, Lise Getoor, Brian Galligher, and Tina Eliassi-Rad.
Collective classification in network data. AI magazine, 29(3):93–93, 2008.

Han Shi, Renjie Pi, Hang Xu, Zhenguo Li, James Kwok, and Tong Zhang. Bridging the gap between
sample-based and one-shot neural architecture search with bonas. Proc. of NeurIPS, 2020.

Hamed Shirzad, Ameya Velingker, Balaji Venkatachalam, Danica J Sutherland, and Ali Kemal
Sinop. Exphormer: Sparse transformers for graphs. In Proc. of ICML, 2023.

Zihao Sun, Yu Sun, Longxing Yang, Shun Lu, Jilin Mei, Wenxiao Zhao, and Yu Hu. Unleashing the
power of gradient signal-to-noise ratio for zero-shot nas. In Proc. of ICCV, 2023.

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov, Du-
mitru Erhan, Vincent Vanhoucke, and Andrew Rabinovich. Going deeper with convolutions. In
Proc. of CVPR, 2015.

Christian Szegedy, Vincent Vanhoucke, Sergey Ioffe, Jon Shlens, and Zbigniew Wojna. Rethinking
the inception architecture for computer vision. In Proc. of CVPR, 2016.

Veronika Thost and Jie Chen. Directed acyclic graph neural networks. In Proc. of ICLR, 2021.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Łukasz Kaiser, and Illia Polosukhin. Attention is all you need. Proc. of NeurIPS, 2017.

Ruochen Wang, Minhao Cheng, Xiangning Chen, Xiaocheng Tang, and Cho-Jui Hsieh. Rethinking
architecture selection in differentiable nas. In Proc. of ICLR, 2021a.

Yiwei Wang, Wei Wang, Yuxuan Liang, Yujun Cai, and Bryan Hooi. Mixup for node and graph
classification. In Proc. of WWW, 2021b.

Yujing Wang, Yaming Yang, Yiren Chen, Jing Bai, Ce Zhang, Guinan Su, Xiaoyu Kou, Yunhai
Tong, Mao Yang, and Lidong Zhou. Textnas: A neural architecture search space tailored for text
representation. In Proc. of AAAI, 2020.

Chen Wei, Chuang Niu, Yiping Tang, Yue Wang, Haihong Hu, and Jimin Liang. NPENAS: Neural
predictor guided evolution for neural architecture search. IEEE Transactions on Neural Networks
and Learning Systems, 2022.

Wei Wen, Hanxiao Liu, Yiran Chen, Hai Li, Gabriel Bender, and Pieter-Jan Kindermans. Neural
predictor for neural architecture search. In Proc. of ECCV, 2020.

Colin White, Willie Neiswanger, and Yash Savani. BANANAS: Bayesian optimization with neural
architectures for neural architecture search. In Proc. of AAAI, 2021.

Han Xiao, Ziwei Wang, Zheng Zhu, Jie Zhou, and Jiwen Lu. Shapley-NAS: Discovering operation
contribution for neural architecture search. In Proc. of CVPR, 2022.

Yixing Xu, Yunhe Wang, Kai Han, Yehui Tang, Shangling Jui, Chunjing Xu, and Chang Xu. Renas:
Relativistic evaluation of neural architecture search. In Proc. of CVPR, 2021.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Yu Xue, Xiaolong Han, and Zehong Wang. Self-adaptive weight based on dual-attention for differ-
entiable neural architecture search. IEEE Transactions on Industrial Informatics, 2024.

Taojiannan Yang, Linjie Yang, Xiaojie Jin, and Chen Chen. Revisiting training-free nas metrics: An
efficient training-based method. In Proc. of WACV, 2023.

Huaxiu Yao, Yiping Wang, Linjun Zhang, James Y Zou, and Chelsea Finn. C-mixup: Improving
generalization in regression. Proc. of NeurIPS, 2022.

Yun Yi, Haokui Zhang, Wenze Hu, Nannan Wang, and Xiaoyu Wang. Nar-former: Neural architec-
ture representation learning towards holistic attributes prediction. In Proc. of CVPR, 2023a.

Yun Yi, Haokui Zhang, Rong Xiao, Nannan Wang, and Xiaoyu Wang. Nar-former v2: Rethinking
transformer for universal neural network representation learning. Proc. of NeurIPS, 2023b.

Chengxuan Ying, Tianle Cai, Shengjie Luo, Shuxin Zheng, Guolin Ke, Di He, Yanming Shen, and
Tie-Yan Liu. Do transformers really perform badly for graph representation? Proc. of NeurIPS,
2021.

Chris Ying, Aaron Klein, Eric Christiansen, Esteban Real, Kevin Murphy, and Frank Hutter. Nas-
bench-101: Towards reproducible neural architecture search. In Proc. of ICML, 2019.

Arber Zela, Julien Siems, Lucas Zimmer, Jovita Lukasik, Margret Keuper, and Frank Hutter. Sur-
rogate nas benchmarks: Going beyond the limited search spaces of tabular nas benchmarks. In
Proc. of ICLR, 2022.

Kaiwen Zha, Peng Cao, Jeany Son, Yuzhe Yang, and Dina Katabi. Rank-n-contrast: Learning
continuous representations for regression. Proc. of NeurIPS, 2023.

Wenhao Zhu, Tianyu Wen, Guojie Song, Liang Wang, and Bo Zheng. On structural expressive
power of graph transformers. In Proc. of SIGKDD, 2023.

Barret Zoph and Quoc Le. Neural architecture search with reinforcement learning. In Proc. of ICLR,
2016.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

APPENDIX

In the appendix, we first provide the basic information of NAS search spaces used in our experi-
ments in Section A. We then provide further explanations of the proposed hierarchical attention and
augmentation strategy in Section B and Section C. In Section D, we provide the hyperparameter
settings of TEFormer. In Section E, we present more experimental results of TEFormer.

A SEARCH SPACES

In this section, we will present basic information about the six search spaces.

NAS-Bench-101 (Ying et al., 2019) contains over 423K architectures with at most seven nodes and
nine edges in each architecture cell. Following the settings in FlowerFormer (Hwang et al., 2024),
we use a subset of 14,580 architectures with their accuracy on the CIFAR-10 (Krizhevsky et al.,
2009) dataset in our experiments.

NAS-Bench-201 (Dong & Yang, 2020) includes 15,625 architectures with four nodes and six edges
in each architecture cell. We use all the architectures with their accuracy on the CIFAR-10 dataset
in our experiments.

NAS-Bench-301 (Zela et al., 2022) is a surrogate search space with 1021 architectures. Each archi-
tecture is composed of a normal cell and a reduction cell, which has seven nodes and eight edges
in each cell. Following the settings in FlowerFormer (Hwang et al., 2024), we only use a subset of
56,968 anchor architectures that are fully trained and their accuracy on the CIFAR-10 dataset in our
experiments.

NAS-Bench-Graph (Qin et al., 2022) contains 26,206 architectures designed for graph learning
tasks. The maximum number of nodes and edges in each cell is set to six and eight, respectively. We
use all the architectures with their accuracy on the Cora (Sen et al., 2008) dataset in our experiments.

NAS-Bench-ASR (Mehrotra et al., 2021) consists of 8,242 architectures that focus on automatic
speech recognition tasks. The maximum number of nodes and edges in each cell is set to four and
six, respectively. We use all the architectures with their accuracy on the TIMIT (Garofolo et al.,
1993) dataset in our experiments.

DARTS (Liu et al., 2019) is a open-domain search space that contains around 1018 architectures
without available performance. Similar to NAS-Bench-301, each architecture consists of a normal
cell and a reduction cell. There exist seven nodes and eight edges in each cell.

NAS-Bench-101 and NAS-Bench-Graph belong to operation-on-node (OON) search spaces, while
others are operation-on-edge (OOE) search spaces. For the uniform encoding on all search spaces,
we transform OOE search spaces into the OON format.

We follow the data splits in FlowerFormer (Hwang et al., 2024) in ranking experiments. For the
first five search spaces, except for NAS-Bench-301, half of the architecture-performance pairs are
employed as the training set and the other half are utilized as the test set. For NAS-Bench-301, the
training size is 5,896 and the test size is 51,072.

B FURTHER EXPLANATIONS OF OUR HIERARCHICAL ATTENTION.

The hierarchical attention in TEFormer captures global topological information by combining two
types of attention with a customized mask matrix: intra-flow and inter-flow attention.

(1) Intra-flow attention. This type of attention expands the receptive field of each node from its
immediate neighbors to all reachable nodes along the directed computation flow. For example, if
there exists a directed flow such as v1 → v2 → v3 → v4, each node attends to all other nodes within
the same flow when computing attention scores. In this way, TEFormer captures long-range global
topological features along individual computation flows.

(2) Inter-flow attention. This type of attention enables information exchange across parallel compu-
tation flows within the architecture. For example, in an architecture composed of two computation
flows: input → v1 → v2 → output, input → v3 → v4 → output, node v1 and v3, though
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in different flows, attend to each other during attention computation because they belong to the
same topological group. Hence, TEFormer captures informative global topological features across
multiple computation flows.

Together, these two attention mechanisms enable TEFormer to comprehensively model both intra-
flow and inter-flow dependencies of neural architectures, ensuring its capability to fully capture
global topological features.

C FURTHER EXPLANATIONS OF OUR ARCHITECTURE AUGMENTATION.

Since previous works (Yao et al., 2022; Zha et al., 2023) have shown that random interpolation can
lead to incorrect labels in non-classification tasks, we generate augmented samples by interpolat-
ing architectures that are similar at both the representation and label levels. We provide further
explanations for the necessity of these similarity constraints through several examples from NAS-
Bench-201.

First, representation-level similarity alone is insufficient because the representation space does not
always preserve label smoothness. Specifically, architectures may be embedded close to each other
in a learned representation space, yet they may yield significantly different performance. As shown
in Figure 2, on NAS-Bench-201, two architectures that differ by only a single operation are highly
similar at the representation level. However, their test accuracy on CIFAR-10 differs by 1.65%,
which is a considerable gap for such a simple classification task. Consequently, interpolating be-
tween such representation-close but label-divergent architectures can result in augmented samples
with unreliable labels, ultimately impairing the training of performance predictors.

0 3

2

1

0 3

2

1

Acc：94.34% Acc：92.69%

0 3

2

1

0 3

2

1

Acc：94.13% Acc：94.19%

nor_conv_3x3

nor_conv_1x1

avg_pool_3x3

skip_connect

High representation similarity

Low label similarity

Low representation similarity

High label similarity

Figure 2: Motivating examples of the representation-level and label-level similarity in our
interpolation-based architecture augmentation. On NAS-Bench-201, the top two architectures differ
by a single operation and are highly similar in representation, yet their test accuracy differs signif-
icantly. Conversely, the bottom two architectures achieve nearly identical test accuracy but exhibit
substantial structural and representational differences. The test accuracy is evaluated on CIFAR-10.

On the other hand, label-level similarity alone is also inadequate. Architectures with nearly identical
performance may differ substantially in structure, and thus in representation. Figure 2 illustrates that,
on NAS-Bench-201, two architectures with only a 0.06% difference in test accuracy on CIFAR-
10 have very different structures, leading to low representation similarity. Interpolating between
such architectures can yield invalid or out-of-distribution architectures, with unreliable interpolated
labels. This may introduce noise during the training of the performance predictor and degrade its
generalizability.

To ensure the quality of the augmented samples, we perform interpolation on architecture pairs that
are similar at both the representation and label levels.

As for the validity of interpolated samples, we ensure this by performing interpolation in the latent
space and imposing strict similarity constraints on source architectures. First, interpolation is per-
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formed at the feature level in the latent space, rather than directly modifying the architecture struc-
tures. This avoids the risk of generating multiple structurally invalid neural architectures. Second,
we constrain the selection to architecture pairs that are similar in both representations and perfor-
mance. This ensures that interpolation occurs within a smooth and semantically meaningful region
of the latent space, corresponding to valid architectures. Together, these two factors contribute to
the semantic validity of the interpolated samples.

D EXPERIMENTAL DETAILS

All the experiments are conducted on a single NVIDIA 3090 GPU. We run the ranking experiments,
ablation studies, and sensitivity analyses for nine runs. As for search experiments, we run five runs
on CIFAR-10 and three runs on ImageNet. The AdamW (Loshchilov & Hutter, 2019) optimizer is
used to train the predictor. Following the convention (Lu et al., 2021; 2023; Yi et al., 2023a), we
only report the best accuracy of the searched architecture in Tables 4 and 5 in the main text. We
provide the key hyperparameters of TEFormer on six search spaces in Table 9.

Table 9: Hyperparameters of TEFormer on NAS-Bench-101, NAS-Bench-201, NAS-Bench-301,
NAS-Bench-Graph, NAS-Bench-ASR, and DARTS.

Hyperparameters NB-101 NB-201 NB-301 NB-G NB-ASR DARTS
Encoder Layers 10 16 8 4 6 8
Hidden Dim 64 64 256 256 128 256
Attention Heads 16 8 8 8 8 8
Attention Dropout 0.5 0.5 0.3 0.4 0.1 0.3
Random Walk Step k 7 4 6 3 4 6
Ranking Loss Margin b 0.5 0.5 0.1 0.005 0.1 0.1
Augmentation Coefficient λ1 0.2 0.2 0.3 0.6 0.6 0.3
Interpolation Intensity α 1 1 1 1 1 1
Batch Size 32 64 64 16 64 64
Learning Rate 8.0e-4 5.0e-4 3.0e-3 7.0e-3 9.0e-4 3.0e-3
Weight Decay 4.0e-5 6.0e-5 2.0e-5 4.5e-6 1.8e-3 2.0e-5
Epochs 200 400 200 100 100 200

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 COMPUTATIONAL EFFICIENCY AND ANALYSIS

We conduct a study to compare the computational efficiency of TEFormer with three state-of-
the-art predictors: NAR-Former (Yi et al., 2023a), TA-GATES (Ning et al., 2022), and Flower-
Former (Hwang et al., 2024). For a fair comparison, we train all the predictors on 1% training data
of NAS-Bench-101 using a single NVIDIA 3090 GPU. The batch size is set to 128, and the number
of epoch is set to 200.

Efficiency results. As shown in Table 10, TEFormer takes around 3× less training time than NAR-
Former, which also uses a Transformer backbone. Besides, TEFormer requires comparable training
and inference time to TA-GATES and FlowerFormer but achieves consistent performance improve-
ments over them. Since the main computational cost of training the predictor lies in the acquisition
of labeled training samples, the minor difference between TEFormer and FlowerFormer in training
time can be ignored.

Analysis. The computational cost of TEFormer increases modestly with architecture size and num-
ber of operations. The cost primarily arises from two components: topology-aware flow encoding
whose cost scales linearly, and hierarchical attention whose cost scales quadratically with architec-
ture size. Denote the number of operations and edges as N and E. Topology-aware flow encoding
traverses all nodes bidirectionally along directed edges. The forward and backward passes each
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Table 10: Training/inference time, and model parameter on NAS-Bench-101 with 1% training data.

Predictors Training time (secs) Inference time (secs) # Params
NARFormer (Yi et al., 2023a) 301.54 (15.88) 5.87 (0.19) 4,882,081
TA-GATES (Ning et al., 2022) 81.98 (2.76) 6.19 (0.33) 348,065
FlowerFormer (Hwang et al., 2024) 77.38 (3.08) 6.05 (0.21) 901,459
TEFormer (ours) 85.00 (3.17) 6.29 (0.16) 1,003,101

incur a cost of O(E), which scales approximately linearly with architecture size. Hierarchical at-
tention incurs a worst-case cost of O(N2) when the attention mask is fully connected. However, in
practice, the cost is lower due to the sparsity introduced by our hierarchical attention. This compo-
nent scales approximately quadratically. As most search spaces use small-sized cells (fewer than 10
operations and 15 edges), TEFormer remains computationally efficient.

The attention mask matrix computation and storage introduce no significant computational or mem-
ory overhead. For computation, the mask matrix can be pre-computed before training, avoiding
repeated computation during runtime. For storage, the mask matrix has the same size as the adja-
cency matrix of the architecture and directly replaces it in our implementation, so it does not incur
any extra memory cost.

Table 11: Comparison with state-of-the-art NAS methods on ImageNet. Bold indicates the best.

Predictors Top-1 Acc. (%) MACs
OFA (Cai et al., 2020) 76.0 230M
NARFormer (Yi et al., 2023a) 76.9 571M
PINAT (Lu et al., 2023) 77.8 452M
TEFormer (ours) 78.6 491M

E.2 SEARCHING ON MOBILENET SPACE

We conduct experiments to search for architectures on a larger MobileNet space (> 1019 architec-
tures) in the real-world mobile setting (MACs<600M). Specifically, we strictly follow OFA’s (Cai
et al., 2020) settings except for replacing the original predictor with TEFormer. Table 11 shows that
TEFormer can discover the architecture with higher accuracy on ImageNet compared with strong
NAS baselines, demonstrating its practicability on larger search spaces and real-world tasks.

E.3 CROSS-SPACE PREDICTIONS

Table 12: Kendall’s Tau on Shallow DARTS
space. The results are scaled up by a factor
of 100. Bold indicates the best.

Predictors Kendall’s Tau

CDP (Liu et al., 2022) 53.06
TEFormer (ours) 55.67

To validate the effectiveness of TEFormer in cross-
space scenarios, we strictly follow the CDP’s (Liu
et al., 2022) evaluation procedure and only re-
place the original GCN backbone with TEFormer.
TEFormer is trained on NAS-Bench-101 and NAS-
Bench-201, and estimated on the shallow DARTS
space. As shown in Table 12, TEFormer achieves su-
perior performance on the unseen search space with-
out any retraining, highlighting its strong generaliza-
tion capability in cross-space settings.

E.4 ABLATION ON THE AUGMENTATION LOSS

We investigate the contribution of the proposed augmentation loss, Equation(12), to TEFormer on
five search spaces with 1% training portion. As shown in Table 13, removing the augmentation loss
brings consistent performance drops, demonstrating that the proposed augmentation loss generalizes
well across multiple tasks.
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Table 13: Ablation studies of our augmentation loss on NAS-Bench-101, NAS-Bench-201, NAS-
Bench-301, NAS-Bench-Graph, and NAS-Bench-ASR. Results are scaled up by a factor of 100.
Bold indicates the best.

Kendall’s Tau NB-101 NB-201 NB-301 NB-Graph NB-ASR
with loss in Equation(12) 78.9 81.1 66.9 52.0 34.8
without loss in Equation(12) 75.7 80.2 65.5 50.9 34.3

Table 14: Ablation for our augmentation strategy on ImageNet using MobileNet space. Bold indi-
cates the best.

Predictors Top-1 Acc. (%) MACs
TEFormer (wo/ our augmentation) 76.4 378M
TEFormer (w/ our augmentation) 78.6 491M

We also conduct a comprehensive evaluation on ablation results in a chain-based space (MobileNet
space) and the number of augmentation samples. For the experiments on the chain-based MobileNet
space (Cai et al., 2020). we replace the original predictor in OFA with TEFormer and the ablation
variant (without augmentation). The results in Table 14 show that our augmentation strategy helps
find architectures with higher top-1 accuracy on ImageNet, demonstrating the effectiveness of our
augmentation in chain-based search spaces.

Table 15: Effects of number of augmented samples. The results are scaled up by a factor of 100.

Augmentation number 1 4 8 16 32
Mean 78.9 79.5 79.1 76.7 75.8
Std 3.8 4.6 5.3 6.3 7.9

For the experiments on the number of augmentation samples, we increase the number of augmenta-
tion samples up to the batch size and select samples according to their similarity scores in descending
order. Kendall’s Tau on NAS-Bench-101 with 1% training data is shown in Table 15. We observe
that adding a small number of high-similarity augmentation samples slightly improves Kendall’s
Tau (78.9 → 79.5 for 1 → 4 samples). However, adding more augmentations beyond this point
leads to a decrease in mean performance (79.1 → 75.8 for 8 → 32 samples) and an increase in
standard deviation (5.3 → 7.9 for 8 → 32 samples), as lower-similarity samples introduce noise and
reduce TEFormer’s stability. This shows that using a single augmentation sample already achieves
satisfactory performance.

E.5 DETAILS OF THE SEARCHED ARCHITECTURE ON DARTS

In parallel to prior works (Liu et al., 2019; Peng et al., 2022; Lu et al., 2023), we search archi-
tectures using DARTS search space on CIFAR-10 and directly transfer the searched architecture to
ImageNet (Deng et al., 2009). The average accuracy of the searched architecture on CIFAR-10 is
97.52±0.05% (97.50%, 97.45%, 97.53%, 97.53%, 97.59%). The average Top-1 and Top-5 accu-
racy on ImageNet is 76.3±0.13% (76.1%,76.4%,76.3%) and 93.1±0.05% (93.0%,93.1%,93.1%),
respectively. The searched architecture is shown in Figure 3.
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Figure 3: Normal cell (Left) and reduction cell (Right) searched by TEFormer.

19


	Introduction
	Related Works
	Performance Predictor for NAS
	Graph Transformers

	Preliminary
	Methodology
	Topology-aware Flow Encoding Module
	Hierarchical Attention Mechanism
	Interpolation-based Architecture Augmentation
	Loss Function

	Experiments
	Ranking Experiments
	Search Experiments
	Ablation Study and Sensitivity Analyses

	Conclusion
	Search Spaces
	Further Explanations of our hierarchical attention.
	Further Explanations of our Architecture Augmentation.
	Experimental Details
	Additional Experimental Results
	Computational Efficiency and Analysis
	Searching on MobileNet Space
	Cross-space Predictions
	Ablation on the Augmentation Loss
	Details of the Searched Architecture on DARTS


