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Abstract

Predicting the performance of deep learning (DL)
models, such as execution time and resource uti-
lization, is crucial for Neural Architecture Search
(NAS), DL cluster schedulers, and other technolo-
gies that advance deep learning. The representa-
tion of a model is the foundation for its perfor-
mance prediction. However, existing methods can-
not comprehensively represent diverse model con-
figurations, resulting in unsatisfactory accuracy. To
address this, we represent a model as a graph that
includes the topology, along with node, edge, and
global features, all of which are crucial for ef-
fectively capturing the performance of the model.
Based on this representation, we propose Perf-
Seer, a novel predictor that uses a Graph Neu-
ral Network (GNN)-based performance prediction
model, SeerNet. SeerNet fully leverages the topol-
ogy and various features, while incorporating opti-
mizations such as Synergistic Max-Mean aggrega-
tion (SynMM) and Global-Node Perspective Boost
(GNPB) to more effectively capture the critical per-
formance information, enabling it to predict the
performance of models accurately. Furthermore,
SeerNet can be extended to SeerNet-Multi by us-
ing Project Conflicting Gradients (PCGrad), en-
abling efficient simultaneous prediction of multi-
ple performance metrics without significantly af-
fecting accuracy. We constructed a dataset con-
taining performance metrics for 53k+ model con-
figurations, including execution time, memory us-
age, and Streaming Multiprocessor (SM) utilization
during both training and inference. The evaluation
results show that PerfSeer outperforms nn-Meter,
Brp-NAS, and DIPPM.

1 Introduction

Deep learning (DL) has achieved significant success across
various fields [Hopfield, 1982; Krizhevsky et al., 2012]. Un-
derstanding the performance of models (e.g., execution time
and resource utilization) is crucial for technologies such as
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Neural Architecture Search (NAS) and DL cluster schedulers,
which drive the advancement of deep learning. NAS relies
on performance metrics like execution time [Dudziak er al.,
2020; Eriksson e al., 2021] and memory usage [Fedorov et
al.,2019; Banbury et al., 2021] to design efficient models that
meet real-time requirements and hardware constraints. Simi-
larly, efficient DL cluster schedulers use these metrics to re-
duce job completion time and improve accelerator utilization
[Gu et al., 2021; Yeung et al., 2021].

Acquiring performance metrics through online profiling
is both time-consuming and costly. Consequently, various
predictors have been proposed to predict the model perfor-
mance, generally categorized into three main methods. The
first method [Gu et al., 2021; Yeung et al., 2021] treats the
model as a whole, representing it with global features like
floating point operations (FLOPs). These features are then
used in a basic model, such as Multi-Layer Perceptron (MLP)
[Haykin, 1998], to predict the performance. The second
method [Justus ef al., 2018; Zhang et al., 2021] divides the
model into multiple parts (e.g., operations or units), each rep-
resented by specific features. These features are then fed
into a similar basic model to predict the performance of each
part, which is aggregated to estimate the overall performance.
The third method [Dudziak et al., 2020; Gao et al., 2023;
Panner Selvam and Brorsson, 2023; Chai et al., 2023] treats
the model as a computational graph, represented by its topol-
ogy and node features. These are then fed into a GNN-based
model. This approach enables more accurate predictions by
learning the performance of each operation and its interde-
pendencies. Overall, performance predictors use machine-
readable data to represent models and then feed this data into
prediction models to predict the performance.

However, the model representation in these predictors is
not comprehensive enough, resulting in the loss of important
information related to model performance, leading to subopti-
mal prediction accuracy. Specifically, node, edge, and global
features are all crucial for a model. Node features capture the
characteristics of each operation. Edge features describe the
data flow and dependencies between operations. Global fea-
tures provide a view of the overall structure and complexity of
the model. Existing predictors have not selected, constructed,
and leveraged these features effectively.

We propose PerfSeer, a novel predictor that can compre-
hensively represent the model and fully leverage this repre-
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sentation to accurately predict the performance of models.

Initially, PerfSeer uses Graph Extractor to parse the com-
putational graph of a model and generate a performance graph
(PerfGraph), which can represent the model performance.
This graph, in addition to the topology, also contains the
node, edge, and global features, all of which improve the per-
formance prediction accuracy. Notably, we construct several
unique and effective features, such as arithmetic intensity and
statistics of computation and memory access, which are not
used by any previous predictors and have been empirically
proven to enhance prediction accuracy noticeably.

Subsequently, the PerfGraph is fed into our proposed pre-
diction model, SeerNet, to predict the performance. SeerNet,
inspired by [Battaglia er al., 2018], enables each feature to
update its own representation by utilizing both its own fea-
tures and aggregated information from other features. This
allows SeerNet to not only learn the topology but also fully
leverage various features, providing a comprehensive under-
standing of the model. Specifically, it learns computation and
memory access of each operation from the node features, data
flow and dependencies between operations from the edge fea-
tures, and the structure and complexity of the entire model
from the global features. To more effectively capture the per-
formance information of models from these features, SeerNet
proposes Synergistic Max-Mean aggregation (SynMM) and
Global-Node Perspective Boost (GNPB). SynMM can better
aggregate node features, generating a more comprehensive
and robust model representation. GNPB enables complemen-
tary learning between the node and global features, mutually
enriching their perspectives.

In addition, We propose SeerNet-Multi, a multi-metric per-
formance prediction model designed for applications that re-
quire simultaneous consideration of multiple metrics (e.g.,
[Yeung et al., 2021; Gu et al., 2021]). Training and maintain-
ing separate models for each metric is inefficient, so SeerNet-
Multi extends SeerNet with multiple prediction heads to pre-
dict multiple metrics simultaneously. To address conflicts
in parameter updates caused by differing gradient directions
across tasks, we integrate Projecting Conflicting Gradients
(PCGrad) [Yu et al., 20201, ensuring high accuracy. As a
result, SeerNet-Multi provides efficient and accurate multi-
metric predictions.

We constructed a dataset with over 53k model config-
urations, covering key performance metrics such as exe-
cution time, memory usage, and Streaming Multiproces-
sor (SM) utilization during both training and inference in
Nvidia GeForce RTX 3090. The dataset spans various ar-
chitectures, such as VGG [Simonyan and Zisserman, 2015],
GoogLeNet [Szegedy et al., 2015], ResNe(X)t [He et al.,
2016; Xie et al., 2017], MobileNet [Howard et al., 2017], and
DenseNet [Huang et al., 2017]. It also includes a wide range
of FLOPs, from 49M to 22T. Evaluation results show that
SeerNet achieves an average Mean Absolute Percentage Er-
ror (MAPE) of 5.14%, while SeerNet-Multi achieves 7.75%
MAPE, outperforming other predictors.

We summarize our key contributions as follows:

* We propose a novel performance predictor, PerfSeer.

Experiments show that PerfSeer, with low deployment
and usage overhead, predicts multiple performance met-
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rics accurately for models of various architectures and
frameworks on different devices during training and in-
ference, enabling broad applicability.

We design the performance prediction models, Seer-
Net and SeerNet-Multi. SeerNet achieves state-of-the-
art prediction accuracy. It rigorously selects, nov-
elly constructs, and fully leverages the performance-
related node, edge, and global features. Additionally,
it enhances performance capture through SynMM and
GNPB. SeerNet-Multi efficiently predicts multiple per-
formance metrics without significantly affecting accu-
racy by mitigating gradient conflicts using PCGrad.

We construct a performance dataset'. The dataset, which
contains over 53k model configurations, covers key
performance metrics across various architectures and
FLOPs during both training and inference.

2 Related Work

Global Features-Based Predictor. Liquid [Gu et al., 2021]
and Horus [Yeung ef al., 2021] use traditional models, such as
Random Forest (RF) [Liaw et al., 2002] and XGBoost [Chen
and Guestrin, 2016], to predict GPU utilization and memory
usage during model training by inputting global features like
batch size, FLOPs, and parameter size. However, these meth-
ods are limited as they fail to capture internal execution de-
tails, and different models can exhibit vastly different perfor-
mance, even with the same global features.

Operations/Unit-Wise Predictor. Justus et al. [Justus et
al., 2018] predict the execution time of training models on
edge devices by predicting the execution time of each op-
eration and aggregating them. They use hardware, opera-
tions, and specific features as inputs to an MLP. nn-Meter
[Zhang et al., 2021] splits the model inference into kernels,
predicting the execution time of each by feeding features like
hyper-parameters, FLOPs, and input/output shapes into an
RF model. This execution time is aggregated to get the to-
tal execution time. However, this approach relies on heuristic
detection functions that require a deep understanding of exe-
cution details across different models and devices, which can
be costly and inaccurate, leading to inaccurate predictions.

GNN-Based Predictor. BRP-NAS (Eagle) [Dudziak et al.,
2020] uses a Graph Convolutional Network (GCN) [Kipf and
Welling, 2017]-based model to predict execution time and ac-
curacy for inference models, applied to NAS on NAS-Bench-
201 [Dong and Yang, 2020]. DNNPerf [Gao er al., 2023] uses
node and edge features in a custom Graph Attention Network
(GAT) [Velickovic e al., 2017]-based model to predict exe-
cution time and memory usage for training models. DIPPM
[Panner Selvam and Brorsson, 2023] feeds node and global
features into a Graph Sample and Aggregation (GraphSAGE)
[Hamilton et al., 2017]-based model (PMGNS), which gen-
erates embeddings and uses multiple prediction heads to pre-
dict execution time, memory usage, and energy consumption
for inference models. These approaches capture execution
details of models by learning both the topology and features
using GNN models, ensuring prediction accuracy.

'https://github.com/upunuuuu/PerfSeer
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Figure 1: Overview of PerfSeer. Node features are shown in

3 Methods

PerfSeer consists of two main parts: representation and pre-
diction, as shown in Figure 1.

1. Representation. PerfSeer uses Graph Extractor to an-
alyze the computational graph of a model, generating a
performance graph (PerfGraph) to represent the model.
The PerfGraph encompasses the topology as well as the
node, edge, and global features, comprehensively pre-
serving the performance information of models (Section
3.D.

2. Prediction. PerfSeer employs SeerNet and SeerNet-
Multi, our designed prediction models. These models
effectively leverage the extracted topology and various
features. They capture the critical performance infor-
mation to predict metrics like execution time, memory
usage, and SM utilization (Section 3.2).

Through these two parts, PerfSeer can comprehensively
represent the model and fully leverage this representation to
predict the model performance accurately.

3.1 Representation

We use the Graph Extractor via ONNX to generate a Per-
fGraph, extracting the topology and as many performance-
related features as possible to preserve and represent the per-
formance information of models. PerfSeer is compatible with
multiple DL frameworks, such as PyTorch, TensorFlow, and
MXNet, unlike other predictors that support only a few.

Definition of PerfGraph

PerfGraph is defined as a 3-tuple G = (u, V, F). The u rep-
resents the global features, which are the features of the entire
model. The V' = {v;},_, y. is the set of nodes (V" is the
number of nodes), where v; represents the features of node
i (Node ¢ represents operation node ¢ in the computational
graph). The £ = {(e;, s;,1;)},_;. . is the set of edges (N*
is the number of edges), where s; is the index of the source
node and t; is the index of the target node, indicating a di-
rected edge j from the source node s; to the target node ¢;.
Edge j represents the data flow from operation s; to opera-
tion ¢;, where operation t; depends on operation s;, and e;
represents the features of edge j.

Features of PerfGraph
The features of the PerfGraph consist of the node, edge, and
global features, described as follows:
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, edge features in , and global features in “gray”.

Node Features. Node features are represented as v =
(vhP || ve|[v™|[v* || vP). || represents the concatenation,
responsible for concatenating different features.

v/ represents the hyper-parameters of the node, such as
the kernel size of the convolution, and serves as the funda-
mental representation of the node, with all other features de-
rived from it.

v¢ denotes the computation information (i.e., FLOPs) of
the node, representing the computational requirements of the
node.

v represents the memory access information of the node,
including the memory access cost (MAC) and the weight size.
The MAC is the sum of the sizes of the input, weight, and
output tensors. The features symbolize the memory access
requirements of the node.

v® represents arithmetic intensity, defined as the ratio of
FLOPs to MAC. The features can distinguish whether the
node is arithmetic-intensive or memory-intensive.

vP denotes the proportions of FLOPs, MAC, and weight
size relative to the model. The features can indicate the con-
tribution of the node to the computational and memory re-
quirements of the model.

Edge Features. Edge features are represented as e =
(e** || e*).

e°* represents the size of the tensor delivered by the edge.

e°?P represents the shape of the tensor delivered by the edge,
which includes the batch size, channel, height, and width.

Global Features. Global features are represented as u =
(u? || ue || u™ || u® || ut).

uf? includes the number of nodes, edges, and density. The
number of nodes (NV) and edges (IN€) represent the counts
of computations and memory accesses in the model, respec-
tively. Density, defined as m, reflects the intercon-
nectedness of the nodes in the graph, indicating how densely
the nodes are connected. The features provide a topological
profile of the entire computational graph of the model.

u® represents FLOP statistics for all nodes in the model,
including total, average, median, and maximum FLOPs.
The features capture the computational characteristics of the
model.

u’™ represents memory access statistics for all nodes, such
as total, average, median, and maximum values for MAC and
weight size, as well as the average tensor size per edge, re-
flecting the memory access profile of the model.
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the features required during the
". The function ¢” represents the update function

for features x, while p” ¥ represents the aggregation function for features x, with the aggregated result used to update feature y.

u® denotes arithmetic intensity, the ratio of FLOPs
to MAC, which helps distinguish whether the model is
arithmetic-intensive or memory-intensive.

ul represents the batch size, which indicates the number of
samples processed simultaneously by the model.

3.2 Prediction

SeerNet comprises a SeerBlock and an MLP-based prediction
head. The PerfGraph is input into SeerBlock, which learns a
graph embedding that captures the performance information
from the node, edge, global features, and the topology of the
computational graph. This embedding is then passed to the
prediction head, a two-layer MLP with 256 hidden dimen-
sions, to predict the performance accurately.

SeerBlock

SeerBlock, inspired by [Battaglia et al., 2018], enables each
feature to update its own representation by utilizing both its
own features and the aggregated information from other fea-
tures. The workflow of SeerBlock, shown in Figure 2, con-
sists of four update functions (¢) and three aggregation func-
tions (p).
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Where E] = {(¢] Sj’tj)}tj:i, e V= Vidicies
and z represents the features of the global node (see Global-
Node Perspective Boost). The details are as follows:

1. ¢° is applied to per edge to compute the updated edge

features, e;-. The set of resulting per-edge outputs for

each node i is E] = {(e;«,sﬁtj)}t,,i j=1:Ne
=i, j=1:

e = ¢° (ej,vs;,vi,) = MLP, (e; || vy, || vi,) . (2)

2. p®~" is applied to EY to aggregate the updated edge fea-
tures of edges projecting to node i into &,, which will be
used in the node update in the next step.

=/ e—v El
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3. ¢V is applied to each node ¢ to compute the updated node
features, v;. The set of resulting per-node outputs is

={viticino-

v, = ¢" (€], vi,z,u) = MLP, (€ || (vi + 2z) ||u).
“)
4. p¥7*is applied to V' to aggregate all updated nodes into
v’,, which will then be used to update the global node in

the next step (see Global-Node Perspective Boost).
v, = p"7% (V') = softmax(V"). (3)

5. @7 is applied once per graph to compute the updated
global node features, z’.

z = ¢ (‘_’/m Z)
6. p is applied to V' to aggregate all updated nodes into

v!,, which will then be used to update global features in
the next step (see Synergistic Max-Mean Aggregation).

v, = p" 7" (V') = SynMM (V). (7)

~MLP, (¥, +z).  (6)

VU g

7. ¢ is applied once per graph to compute the updated
global features, u’. u’ is the output of the SeerBlock.

u = ¢" (v, 2", u) = MLP, (v, [|2'[[u). (8)

Each MLP in SeerBlock has one layer with 256 hidden di-
mensions, except for MLP,, which has two layers. Given the
PerfGraph G = (u,V, E), SeerBlock produces the updated
PerfGraph G’ = (u/, V', E’), and the graph embedding u’ is
fed into the prediction head to predict performance.

Traditional aggregation

Figure 3: SynMM aggregation vs. traditional aggregation.
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Synergistic Max-Mean Aggregation

SynMM is the customized function for the node features ag-
gregation. As shown in Figure 3, the node features are first
fed into the max and mean aggregation to obtain intermediate
results, v, and vo. Then, linear aggregation combines these
results to generate the final aggregated features, v. Max ag-
gregation extracts the most prominent features from crucial
nodes, while mean aggregation captures global information
and overall model characteristics. Linear aggregation con-
solidates the results from both max and mean aggregation,
providing a more comprehensive and robust model represen-
tation.

Global-Node Perspective Boost

GNPB, inspired by [Gilmer et al., 2017], introduces a global
node (z, representing its features) connected to all other nodes
in the graph. It also proposes a tailored initialization strategy
for z and incorporates it into the final graph embedding to
enrich the global perspective of the model. The process is as
follows: First, the z are initialized using softmax, aggregating
the initial features of all nodes to capture global information.
During the node update, each node utilizes the z to incorpo-
rate global information (Eq. 4). The z then updates itself by
aggregating information from all updated nodes (Eq. 6). The
global node offers a unique global perspective by aggregating
information from all nodes, distinct from the global features
based on the inherent characteristics of models. GNPB en-
ables complementary learning between the node and global
features, enriching both perspectives.

SeerNet-Multi

SeerNet-Multi extends SeerNet by using multiple MLP-based
prediction heads to predict different performance metrics sep-
arately. In addition, PCGrad is employed to mitigate gradi-
ent conflicts among different performance metrics prediction
tasks during the training of SeerNet-Multi. PCGrad works
by adjusting the gradients of each task to minimize conflicts
that arise when gradients point in opposing directions. The
core idea is to identify conflicts by calculating the cosine
similarity between the gradients of different tasks. When a
conflict is detected (cosine similarity is negative, indicating
opposing directions), the gradient of the task is adjusted to
ensure alignment by projecting it onto the normal plane of
the conflicting gradient. If no conflict is found, the gradi-
ent remains unchanged. By resolving these conflicts, PCGrad
enables SeerNet-Multi to effectively predict multiple perfor-
mance metrics simultaneously while maintaining accuracy.

4 Experiments

We evaluate PerfSeer by addressing the following research
questions (RQs).

RQ1: How effective are the selected features and opti-
mization components?

RQ2: How does SeerNet compare with baseline models?

RQ3: How effective is the multi-metric performance pre-
diction model, SeerNet-Multi?

RQ4: What is the application scope and overhead of Perf-
Seer?
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4.1 Evaluation Setup

Training Settings

The dataset is divided into 2:1:1 for training, validation, and
testing. We use a batch size of 128 and an initial learning
rate of 1e-3, halving it after five epochs without improvement,
down to le-6. Training runs for up to 500 epochs, with Mean
Squared Error (MSE) as the loss function and Adam as the
optimizer.

Evaluation Metrics

To ensure consistency across metrics with varying value
ranges, we use percentage errors. The metrics include MAPE,
and accuracy within a relative error of 2% (x%Accuracy)
[Dudziak et al., 2020].

4.2 Ablation Study (RQ1)

The accuracy of the performance prediction depends on both
representation and prediction. We conducted ablation studies
to validate the feature selection and construction (representa-
tion) and the prediction model design (prediction).

Ablation Study of Features
From the results shown in Table 1, we observe the following:

Feature Importance. Node features are more important
than global features, and global features are far more impor-
tant than edge features. Node features contribute the most
significant gain (reducing the mean MAPE from 58.23% to
28.41%) as they directly correspond to each operation node,
edge features provide incremental improvement (reducing
the mean MAPE from 28.41% to 25.40%) by offering ad-
ditional memory access information, and global features de-
liver the ultimate refinement (reducing the mean MAPE from
25.40% to 7.41%) by providing an overall representation of
the model.

Feature Selection. Each group of node, edge, and global
features we selected improved performance prediction accu-
racy, demonstrating their relevance to model performance.
Additionally, we found that node categories, which are com-
monly used in other predictors, actually reduced accuracy, in-
creasing the mean MAPE by 0.42% and 0.26% when one-
hot encoded and frequency encoded, respectively. We be-
lieve that SeerNet can infer category-related information from
other semantically rich features, so we excluded node cate-
gories from our feature set.

Feature Construction. We constructed several unique and
effective features. For node features, we incorporated arith-
metic intensity and computation/memory access proportions,
reducing the mean MAPE from 35.41% to 28.41%. For
global features, we introduced graph profiles, trend statistics
for computation and memory access, tensor size per edge, and
arithmetic intensity, lowering the mean MAPE from 25.40%
to 7.53%. These features, not used in previous predictors,
significantly enhanced prediction accuracy.

Ablation Study of Components

From the results shown in Table 2, we observe the following:
SynMM. Using SynMM to aggregate the node features re-

duces the mean MAPE from 7.41% to 6.10%. This demon-

strates that SynMM combines max and mean aggregation
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Feature

Accuracy (MAPE[%]])

Node Edge Global Training Inference Mean
Hp CI MAI Arl*  Prop* Sz Sp Gp* CI* MAI*  Arl* Bs Utili Mem Time Ut Mem Time (6 metrics)
v 7133 49.56 5429 57.04 24.69 9249 58.23
v v 73.87 6358 41.19 57.15 30.73 54.07 53.43
v v v 5371 37.01 2598 46.03 11.45 38.29 3541
v v v v 37.20 36.81 2394 3857 11.67 36.52 30.79
v v v v v 38.85 36.76 23,51 3632 11.51 2351 28.41
v v v v v v 4124 2529 24.05 3755 928 2327 26.78
v v v v v v v 36.02 27.11 2231 3327 993 2377 25.40
v v v v v v v v 748 383 948 832 633 1522 8.44
v v v v v v v v v 725 372 879 793 593 13.08 7.78
v v v v v v v v v v 622 339 951 698 551 1441 7.67
v v v v v v v v v v v 623 338 945 737 529 1345 7.53
v 4 v v 4 v v v v v v v 6.09 332 921 757 513 13.15 7.41

Table 1: Ablation study of features. Hp, CI, MAI, Arl, Prop, Sz, Sp, GP, and Bs represent hyper-parameters, arithmetic intensity, computation
info, memory access info, proportions, size, shape, graph profile, and batch size, respectively. “*” indicates our uniquely constructed features.

Component Accuracy(MAPE[%])

Inference

Mean
(6 metrics)

Training
Utili Mem Time Utili Mem Time
6.09 332 921 757 513 1315 7.41
6.13 254 778 580 3.62 10.70 6.10
v 494 247 671 437 346 891 5.14

SynMM  GNPB

v
v

Table 2: Ablation study components.
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Figure 4: Comparison with baseline on our dataset.

to create a more comprehensive and robust representation,
thereby enhancing prediction accuracy.

GNPB. With the introduction of GNPB, the mean MAPE
further decreases from 6.10% to 5.14%. This result proves
that GNPB enables complementary learning between the
node and global features, enriching both perspectives and fur-
ther improving prediction accuracy.

4.3 Baseline Comparison (RQ2)

Baseline

We compare SeerNet with the following methods: (i) MLP-
Node uses an MLP to predict model performance, concatenat-
ing features from all nodes in the graph and handling variable
node numbers by padding or truncating them to a fixed size.
(i) PMGNS [Panner Selvam and Brorsson, 2023] (Section
2) utilizes a single prediction head for predicting one perfor-
mance metric. (iii) Eagle [Dudziak et al., 2020] (Section 2)
is implemented for cell-based models, but for non-cell-based
models, it uses features from PMGNS (Eagle-p) and from our
PerfSeer (Eagle-s). (iv) nn-Meter [Zhang er al., 2021] (Sec-
tion 2) is a kernel-based predictor.
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Performance Comparison

Baseline Comparison on our Dataset. Figure 4 shows that
SeerNet uses the fewest parameters (1.02M) and achieves the
highest accuracy, with a mean MAPE of 5.14%. In compar-
ison, MLP-Node requires more than four times the param-
eters and reaches less than one-third of the accuracy (with
over three times the MAPE), while PMGNS uses more than
three times the parameters and achieves only about half of the
accuracy. Eagle-p performs poorly, with a mean MAPE of
74.43%, because PMGNS features fail to represent the mod-
els in our comprehensive dataset effectively. Eagle-s, which
adopts our proposed features, performs better but still lags
behind SeerNet. Moreover, PMGNS and Eagle-s achieve
higher accuracy with fewer parameters compared to MLP-
Node, highlighting the ability of GNN-based models to cap-
ture execution dependencies. Eagle-s outperforms Eagle-p,
further confirming the effectiveness of the proposed features.
Overall, SeerNet outperforms all other models, providing the
best representation and prediction.

Baseline Comparison on the Dataset of nn-Meter. Figure
5 shows that SeerNet outperforms nn-Meter in average accu-
racy across 13 models on GPU, CPU, and VPU by 10.1%,
15.3%, and 35.1%, respectively. For models like VGG on
CPU, SeerNet is slightly less accurate than nn-Meter, likely
due to the simple structure of VGG. Specifically, on VPU,
nn-Meter achieves 50.6% accuracy, while SeerNet reaches
85.7%, 35.1% higher. This is likely because nn-Meter fails
to design effective detection functions for models on VPU.

4.4 Effectiveness of SeerNet-Multi (RQ3)

Figure 6 shows that PMGNS-Multi (with multiple predic-
tion heads) has a poor MAPE of 50.5%, while SeerNet-Multi
(without PCGrad) achieves 15.85%, indicating that predicting
multiple metrics reduces accuracy. With PCGrad, SeerNet-
Multi achieved an MAPE of 7.75%, about half of that without
PCGrad, without increasing parameters, effectively mitigat-
ing conflicting gradients and enabling efficient multi-metric
prediction with minimal accuracy loss. SeerNet-Multi, with
about one-third the parameters of SeerNet and a 2.61% in-
crease in MAPE, achieves a trade-off between efficiency and
accuracy, making it ideal for rapid predictions with limited
resources and lower accuracy demands.
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Figure 5: Comparison with nn-Meter on its dataset. “Blue” value indicates SeerNet has higher accuracy than Nn-Meter, “black” means equal
accuracy, and “red” means lower accuracy. “Mean” is the average across 13 models.
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Figure 6: Comparison with baseline for multi-metrics prediction.
Accuracy (MAPE[%]])
Dataset Training Inference Mean
scale Util Mem Time Util Mem Time (6 metrics)
overall 494 247 671 437 346 891 5.14
20000 549 249 858 504 383 13.65 6.51
10000 6.01 291 10.05 5.31 537 1449 736
5000 7.61 424 1078 6.32 479 17.89 8.61
2000 10.24 639 1233 826 749 19.25 10.66
1000 18.70 5.53 1568 14.86 694 28.19 14.98

Table 3: Data dependency of SeerNet.

4.5 Further Discussion (RQ4)

Application Scope

Multi-Model, Multi-Metric Support. PerfSeer provides accu-
rate predictions for execution time, memory usage, and SM
utilization during both training and inference across various
architectures, including GoogLeNet, VGG, ResNe(X)t, Mo-
bileNet, and DenseNet.

Multi-Device Support. PerfSeer provides accurate predic-
tions across various devices, including mobile CPUs, mobile
GPUs, desktop GPUs, and Intel VPUs, as shown in Figure 4
and 5. In contrast, nn-Meter exhibits poor prediction accu-
racy on Intel VPUs.

Multi-Platform Support. The representation of PerfSeer is
based on ONNX, so PerfSeer supports any DL framework
compatible with ONNX. Overall, our performance predictor,
PerfSeer, has a wide application scope, making it suitable for
most common applications.

Overhead

Data dependency and deployment overhead. To evaluate the
data dependency of SeerNet, we analyze the relationship be-
tween dataset scale and prediction accuracy, keeping the test
set size fixed. Table 3 show that accuracy decreases as the
dataset scale shrinks. Nevertheless, SeerNet achieves a mean
MAPE of 14.98 with only 1,000 samples, demonstrating low
data dependency. The deployment overhead includes 16.67
GPU hours for data collection and 0.05 GPU hours for train-
ing per 1,000 samples, resulting in low deployment overhead.

Usuage overhead. We evaluated the overhead of PerfSeer
on an Intel i7-11700 CPU, which includes representation and
prediction. The average representation latency is 248 ms,
with prediction latencies of 2.0 ms for SeerNet and 2.1 ms for
SeerNet-Multi. The total overhead of approximately 250 ms
is acceptable for most applications. Overall, PerfSeer demon-
strates low overhead in both deployment and usage.

5 Conclusion

We propose PerfSeer, a novel predictor that efficiently and ac-
curately predicts key performance metrics for models during
both training and inference. To accurately predict the perfor-
mance, PerfSeer abstracts a model into a graph with the node,
edge, and global features and uses SeerNet, which leverages
these features and incorporates optimizations like SynMM
and GNPB. To effectively predict multiple performance met-
rics simultaneously while maintaining accuracy, PerfSeer im-
plements SeerNet-Multi with PCGrad. The evaluation results
show that PerfSeer has low overhead and high prediction ac-
curacy, making it suitable for broad applications.
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