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Abstract—DNN popularity, which is driving advances in a 

growing number of fields, has increased the amount of computing 

resources running this kind of applications at an unprecedent 

rate. Specialized hardware, such as GPUs or ASIC-based 

accelerators, has been the preferred platform to run these 

applications. However, the ubiquity of DNN models is rapidly 

extending the presence of this software to general-purpose CPUs. 

For this reason, there is a pressing need to gain understanding of 

the main features of state-of-the-art DNN models to adapt CPU 

microarchitecture accordingly. In this paper we investigated a 

representative set of DNN models and, based on data collected 

from real hardware, we evaluated how efficiently they utilize the 

underlying system. We analyzed overall system performance, as 

well as the amount of vectorization provided by CPU-optimized 

frameworks. We quantified the performance loss caused by 

processor backend, and the contribution of memory hierarchy 

and functional units to it. We compared the backend utilization 

of DNN applications to popular benchmarks such as SPEC 

CPU2017 and found a lower balance in the use of the elements 

that make up the processor microarchitecture. Although many 

workloads seem to be constrained by functional unit availability, 

in a significant group of applications we found a non-negligible 

impact of memory hierarchy on performance.  
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I. INTRODUCTION  

The DNN revolution has created an unprecedent growth in fields 

where these applications are driving current advances. Since the 

relatively recent success of Convolutional Neural Networks for image 

recognition [1], DNN models have rapidly acquired relevance in such 

heterogeneous areas as language processing [2][3], gaming [4]or 

medical diagnosis [5]. The large amount of computational resources 

required to train many of these models has made specialized hardware 

such as GPUs or FPGAs the preferred computing platform. However, 

in such a heterogeneous scenario, the utilization of general-purpose 

CPUs is rapidly growing [6]. Aspects such as the flexibility and high 

availability of CPUs are some of the advantages of CPUs for DNN 

computing [7][8] and multiple training and inference processes are 

currently performed in this kind of hardware [9][10]. 

The main CPU manufacturers have recently started to include 

specific hardware features to accelerate DNN execution in some of 

their commercial products. IBM’s POWER10 processor introduced 

Matrix-Multiply Assist (MMA) instructions and functional units that 

perform two-dimensional matrix operations. The third generation of 

Intel Xeon Scalable processors include AVX-512 ISA extensions [10] 

implementing both deep learning inference (Fused Multiply-Add 

instruction for 8-bit multiplies and 32-bit accumulates) and training-

oriented instructions (multiple instructions to operate with bfloat16 

datatype [11]). More recently, Intel announced the inclusion of 

Advanced Matrix Extension to their ISA [12], a new programming 

paradigm consisting of a set of 2-dimensional registers and an 

accelerator able to operate on them. Similarly, contemporary M1 and 

M2 processors from Apple seem to include a set of instructions 

intended to execute matrix multiplication operations on a special 

acceleration unit inside the CPU. All these features clearly target 

Artificial Intelligence workloads, more specifically Deep Neural 

Networks. This trend seems to confirm the relevance of CPUs as a 

hardware platform for these applications. 

However, the definition of DNN models is usually done by means 

of high-level programming languages such as python. The API of most 

popular machine learning platforms such as TensorFlow [13] or 

PyTorch [14] is defined as a python library. Internally, these 

frameworks are implemented making use of highly optimized algebra 

libraries written in C/C++ such as Eigen or Intel’s MKL. The way these 

libraries are compiled determines the low-level code generated and is 

critical to obtain as high a performance as possible. This “distance” 

between high-level definition of a DNN model and actual ISA 

instructions makes it difficult to understand how these applications are 

suited to running on contemporary hardware systems. In-depth 

understanding of the hardware-software interactions is a key aspect to 

make the correct design decisions in next generation 

microarchitectures and is the main goal of this work. To do so, we 

undertake a detailed evaluation of a representative group of DNN 

applications (belonging to Intel’s Model Zoo) to discover their 

performance characteristics on modern general-purpose processors. 

Based on data collected from real hardware, our evaluation aims to 

provide meaningful insights not only for computer architects to design 

targeted hardware with improved compatibility with DNN models, but 

also for applications designers to understand the performance of their 

software and tune it to better exploit underlying systems. 

In the light of the ever-increasing diversity and number of DNN 

models, we evaluate a wide range of applications and seek to find out 

how they compare against each other. Based on our evaluation, we 

show that the variability in terms of both performance and inherent 

characteristics between the different models is marginal. We also 

compare the use that DNN applications make of microarchitectural 

elements to that made by other applications, regularly present in 

general-purpose hardware environments, such as desktop-computing 

(SPEC CPU2017). The objective of this comparison is to obtain a 

reference point with applications that, most likely, have served as 

benchmarks during processor design phases. 

Our evaluation identifies a strong regular behavior of the tested 

workloads in terms of specific performance characteristics (e.g., cache 

behavior), and significant differences when compared to regular 

general-purpose applications. We have not been able to find a 

publication covering all the features presented in this work, making it 

a robust reference on fundamental aspects which can sometimes be 

treated in a vague and insufficiently generic way. Our work can also 



aid performance analysts by choosing a smaller subset (7) of 

benchmarks representative of all of them (32). This will simplify 

performance evaluation in early stages of design analysis and/or using 

time-accurate hardware simulators. Based on our evaluation of the 

performance of DNN models, we seek to answer the following 

questions: 

• How effectively do modern DNN models utilize the underlying 

computer system? For instance, is cache hierarchy suitable for 

these applications? 

• Which are the main sources of performance inefficiencies? What 

microarchitectural elements should be added/improved to increase 

performance? 

• Is the performance of DNN applications noticeably different from 

other application classes? If so, what are the most unique features 

defining the behavior of these applications? 

• Do DNN applications display very heterogeneous behavior, or can 

they be grouped into a small number of clusters?  

The rest of this paper is organized as follows: In Section II, we 

present an overview of the DNN models and our methodology. In 

section III, we describe our test infrastructure. Section IV presents our 

results and analysis. Finally, we discuss previous work and summarize 

our key findings in sections V and VI respectively. 

II. METHODOLOGY 

In this section, we present a brief background of the tested DNN 

models and their datasets, as well as our experimental methodology. 

A. Models 

The group of applications evaluated in this work correspond to the 

“Model Zoo for Intel Architecture” repository. This repository 

contains a representative group of popular open-source deep learning 

models optimized to run on intel Xeon processors. Available models 

are implemented through both TensorFlow and PyTorch frameworks. 

In most cases, models are deployed to run inference processes, but 

some of them also include training. Additionally, some models can be 

deployed with alternative data types, from “classic” 32-bit floats to 

smaller 16-bit bfloat format or discretized 8-bit integer weights. 

The Model Zoo is organized in categories, corresponding to the 

field where each model is employed. In the following subsections we 

will describe the models in each category, as well as the datasets 

employed for training and inference. To make the results more concise, 

we have eliminated those models whose similarity of results leads to 

very similar behaviors. TABLE I. summarizes all the models 

employed in this study, with their main features and the labels that 

represent them in the graphs of the rest of the document. In the rest of 

the subsection we summarize the functionality of each model. 

1) Image Recognition 
Image recognition (or image classification) is the task of predicting 

the type or class of an object in an image and categorizing it in one of 

several predefined distinct classes. The input in these models 

corresponds to an image (usually a photograph) with a single or 

multiple objects, and the expected prediction is a list of class labels 

(e.g., one or more integers that are mapped to class labels). 

The models in this category correspond mainly to alternative 

implementations of convolutional neural networks (CNNs). DenseNet 

[15] is a DNN architecture with an extremely dense connectivity 

pattern. All layers with matching feature-map sizes are directly 

connected to each other to maximize information flow. This preserves 

the feed-forward nature, each layer obtains additional inputs from all 

preceding layers and passes on its own feature-maps to all subsequent 

layers. Inception-based [16][17][18] network models are focused on 

the optimization of computational cost to perform well even under 

strict memory and computational constraints. Expensive convolutions 

with large spatial filters are replaced by multi-layer networks with 

much smaller filters [19], drastically reducing the number of 

parameters in the model. Similarly, MobileNet [20] models are light 

weight CNNs implemented making use of a special form of factorized 

convolutions.  A standard convolution is factorized into a depthwise 

convolution and a 1×1 convolution to combine the outputs. This 

factorization has the effect of drastically reducing computation and 

model size. ResNet models [21] address the accuracy degradation 

problems derived from increasing network depth. Skip connections are 

used to jump over some layers performing identity mapping, and their 

outputs are added to the outputs of the stacked layers. 

TABLE I.  SUMMARY OF DNN MODELS EVALUATED 

Model Dataset Framework Category Label 

DenseNet169 ImageNet TensorFlow Img Recognition TF-DN169 

Inception V4 ImageNet TensorFlow Img. Recognition TF-INCV4 

MobileNet V1 Imagenet TensorFlow Img. Recognition TF-MOBV1 

Inception V3 Imagenet PyTorch Img. Recognition PY-INCV3 

ResNet 50 Imagenet PyTorch Img. Recognition PY-RN50 

ResNet 101 Imagenet PyTorch Img. Recognition PY-RN101 

ResNet 152 Imagenet PyTorch Img. Recognition PY-RN152 

VGG-11 Imagenet PyTorch Img. Recognition PY-VG11 

GoogLeNet Imagenet PyTorch Img. Recognition PY-GOOG 

MaskRCNN MS COCO Tensorflow Img. Segmentation TF-MASKR 

UNet Synthetic TensorFlow Img. Segmentation TF-UNET 

BERT SQuAD TensorFlow Lang. Modeling TF-BERTM 

BERT base SQuAD/MRPC PyTorch Lang. Modeling PY-BERTB 

BERT large SQuAD PyTorch Lang. Modeling PY-BERTL 

DistilBERT SQuAD PyTorch Lang. Modeling PY-DISTB 

RNN-T RNN-T PyTorch Lang. Modeling PY-RNNT 

RoBERTa SQuAD PyTorch Lang. Modeling PY-ROBR 

T5 T5-Large PyTorch Lang. Modeling PY-T5 

BERT-Trans MRPC TensorFlow Lang. Translation TF-BERTT 

Faster R-CNN COCO TensorFlow 

Pytorch 

Obj. Detection TF-FASTR 

PY-FASTR 

R-FCN COCO TensorFlow Obj. Detection TF-RFCN 

SSD-MobileNet COCO TensorFlow Obj. Detection TF-SSDM 

SSD-ResNet34 COCO TensorFlow 

Pytorch 

Obj. Detection TF-SSDR 

PY-SSDR 

MaskR-CNN COCO Pytorch Obj. Detection PY-MASK 

MaskR-CNN 

ResNet50 

COCO Pytorch Obj. Detection PY-MKRN 

RetinaNet COCO Pytorch Obj. Detection PY-RETN 

NCF Movielens TensorFlow Recommendation TF-NCF 

Wide & Deep Display Advertise TensorFlow Recommendation TF-WANDD 

WaveNet Synthetic TensorFlow Text to Speech TF-WAVE 

TransNetV2 Synthetic Pytorch Shot Boundary Detect. PY-TRANS 



All these convolutional models are trained and evaluated making 

use of the ImageNet dataset [22]. ImageNet is a visual database with 

more than 14 million images. These images are hand-annotated 

indicating what objects are pictured. ImageNet contains more than 

20,000 categories; each one typically contains several hundred images. 

2) Object Detection and Image Segmentation 
These processes extend the classification task, predicting the 

presence of objects in an image and indicating their location. Images 

(or video frames) are partitioned into multiple segments or objects that 

belong to the same object class. The expected prediction in the Object 

Detection process is a list of bounding boxes (e.g., defined by a point, 

width, and height) locating each object in the input image. 

Segmentation carries out a more fine-grained detection process, trying 

to fit segments to object shape. The expected prediction in this case is 

a pixel-level labeling with a set of object categories (for example, 

people, trees, sky, cars) for all image pixels. 

In this field CNN models are also predominant. Region-based 

convolutional network [23] is one of the methods achieving excellent 

accuracy in object detection. Its architecture relies on a two-stage 

approach, each implemented with a CNN. The first stage generates 

candidate boxes and the second one implements the classification 

process. Alternative models such as Faster R-CNN [24], Mask R-CNN 

[25] or R-FCN [26] employ the same baseline structure, with 

alternative implementations of some modules. Some alternative 

methods such as the SSD approach [27] or Retinanet [28] do not make 

use of the two-stage structure. SSD architectures are based on a single 

feed-forward convolutional network that produces a fixed-size 

collection of bounding boxes and scores for the presence of object class 

instances in those boxes, followed by a non-maximum suppression 

step to produce the final detections. The early network layers can be 

based on alternative standard architectures used for image 

classification, such as ResNet or MobileNet. RetinaNet is composed of 

a main CNN in charge of computing a convolutional feature map over 

an entire input image and two subnetworks (also CNNs) to perform 

object classification and bounding box regression. 

Detection and Segmentation models make use of specific datasets, 

such as Microsoft COCO (Common Objects in Context) [29]. The 

dataset contains 91 common object categories with 82 of them having 

more than 5,000 labeled instances. In total the dataset has 2,500,000 

labeled instances in 328,000 images. For each image, every instance of 

every object category is labeled and fully segmented. 

3) Language Modeling and Translation 
DNNs have also demonstrated their relevance in several fields 

related to natural language processing such as question answering, text 

classification, language modeling, translation, etc. Focusing on 

processing sequential data and time series, Recurrent Neural Networks 

are naturally fitted for these tasks. Sentences are treated sequentially, 

capturing relations among words. More recently, transformers have 

demonstrated improved results in many NLP tasks, making use of 

attention mechanisms. Attention avoids the use of RNNs or CNNs, 

improving the representation task (Encoding) and allowing the parallel 

processing of input tokens.  

BERT Model [30] architecture is a multi-layer bidirectional 

Transformer encoder based on the original transformed 

implementation [2]. Its main target consists of pretraining language 

representations (modeling), which can be employed in multiple NLP 

tasks such as translation, question answering or next sentence 

prediction. Alternative models such as RoBERTa [31] or DistilBERT 

[32] are optimized implementations of BERT targeting computational 

effort (DistilBERT reduces model size by 40% while retaining 97% of 

language understanding capabilities) or accuracy (RoBERTa retrains 

BERT model to match performance of or exceed performance of 

previous alternatives). RNN-T [33] is an end-to-end model that makes 

use of recurrent neural networks to perform automatic speech 

recognition. This model is made up of two components, prediction and 

transcription networks, each of them implemented as an RNN with 

multiple LSTM hidden layers. 

There are multiple datasets related to NLP. The models in this 

work make use of two of the most relevant ones. The Stanford 

Question Answering dataset (SQuAD) [34] is a reading 

comprehension dataset, consisting of 100,000 questions on a set of 

more than 500 Wikipedia articles, where the answer to every question 

is a segment of text from the corresponding reading passage. The 

Microsoft Research Paraphrase Corpus (MRPC) [35] contains 5801 

pairs of sentences extracted from web news sources, along with hand-

labeled annotations indicating whether each pair constitutes a 

paraphrase. 

4) Recommendation 
Multiple works have already shown the power of DNN for user 

modeling tasks such as recommendation. Deep learning-based 

recommendation systems is widely used throughout industry to predict 

rankings for news feed posts or entertainment content. Content-based 

filtering systems try to infer the behavior of users given their positive 

reactions to an item’s features. Collaborative filtering systems evaluate 

which items a particular user likes and the items that users with similar 

behavior like, to infer recommendations to that user. 

Neural Collaborative Filtering (NCF) [36] proposes a neural 

network-based collaborative learning framework that will use Multi 

perceptron layers to learn user-item interaction function. The Wide & 

Deep learning framework [37] achieves both memorization (learning 

frequent co-occurrence of items and exploit correlations) and 

generalization (exploring unseen item combinations) in a single model, 

by jointly training a linear model and a multi-layer perceptron DNN. 

Finally, DLRM models [38] implement a two-stage recommendation 

system where interactions are also processed at each stage through a 

multi-layer perceptron. 

Recommendation datasets are quite heterogeneous, and the 

applications from the Model Zoo evaluated make use of three different 

datasets. NCF employs MovieLens [39], a benchmark dataset with 1 

million ratings from 6000 users on 4000 movies. Large & Deep and 

DLRM use display advertising datasets from Criterio [40], which 

estimates the probability of clicking on a given ad given a user and the 

page he is visiting. 

B. Profiling CPUs with Top-Down 

Reasoning about low-level behavior in out-of-order superscalar 

microarchitectures is difficult for applications with complex software 

stacks. This is a key task for both software and hardware optimization, 

and for this reason new processor generations provide a growing 

amount of hardware runtime information through their Performance 



Monitoring Units (PMUs). These units are configured to count and 

collect multiple hardware events simultaneously, writing results to 

special registers accessible by the programmer. 

 

Fig. 1. Top-Down Hierarchy 

Organizing the large number of metrics available to identify 

performance bottlenecks in the microarchitecture is far from 

straightforward. Fortunately, methodologies such as Top-Down [41] 

can help with this issue. This methodology describes the processor 

pipeline through a multi-level hierarchy of components, using and 

organizing PMU events to identify which fraction of pipeline stalls are 

caused by each component. The use of this methodology is regular for 

tasks such as software optimization [42][43][44], characterization 

[45][46][47][48] and hardware evaluation [49][50][51].The complete 

hierarchy, described in Fig. 1, defines the first-level components of the 

hierarchy as follows: 

• Frontend Bound: processor frontend groups the pipeline stages in 

charge of instruction fetching and decoding. Frontend stalls are 

related to cache instruction misses, (Frontend Latency Bound) or 

decoding inefficiencies (Frontend Bandwidth Bound). 

• Bad Speculation: this component identifies performance stalls 

caused by the CPU executing a speculative instruction that is not 

retired later and the cycles devoted to restoring the processor state 

before prediction miss. 

• Backend Bound: The backend includes the stages in charge of 

performing the operations defined by instructions. The stalls in this 

category are related to the inability to complete an operation, 

caused by the lack of any operand (Memory Bound) or the lack of 

available functional units (Core Bound). 

• Retiring: this category represents correctly retired instructions. It 

does not represent stalls, but real performance, corresponding to 

the IPC performance metric. 

As the hierarchy level increases, each part of the pipeline is described 

in more detail, splitting the microarchitecture into more specific 

components and determining their contribution to performance loss.  

III. EXPERIMENTAL FRAMEWORK 

For our analysis, we use a cluster of nodes with 64-bit Intel® 

Xeon® Silver processors (Cascade Lake) at 2.10GHz, each with two 

sockets of 16 out-of-order cores with SMT. Each core has private L1 

caches (32KB instruction and 32KB data cache) and 1MB L2 cache, 

and each socket share 22MB of LLC cache. Each node has 256GB of 

main memory. Each node runs Debian 11 with Linux kernel 4.19. 

To run a representative set of deep learning models, we make use 

of Model Zoo for Intel® Architecture. We use the github repository 

[52] version r2.8 (commit b63c719), and execute the benchmark 

without modifications, following the recommended setup. Models are 

implemented using two different frameworks, PyTorch and 

TensorFlow, making use of the corresponding Intel® Extensions [53], 

[54] for an extra performance boost. We use PyTorch version 1.13, and 

TensorFlow version 2.5 and 1.15 when recommended, both running on 

Python 3. Our evaluation process assumes as a starting point that the 

software does not impose any unnecessary performance penalties. 

Model Zoo applications are fine-tuned to maximize performance when 

running on Intel CPUs. 

We use appropriate mechanisms to measure the models during the 

execution of the region of interest. We define the region of interest as 

the region when the model is processing batches at inference, after data 

processing, model loading, and model warm-up. For the measures, we 

use the hardware event counters available in the PMU in the system 

under test, using Linux profiling command, perf [55], and Intel pmu-

tools [56]. 

To provide a reference point, we evaluate, under the same 

conditions, conventional applications included in the benchmark suite 

SPEC CPU2017 in rate mode. The suite is compiled and executed with 

two different configurations:  

• A standard configuration, with default options and GNU compilers 

gcc, g++ and gfortran version 10.2.1. 

• A Xeon Silver specific configuration, based on previously 

presented reports, using Intel OneAPI compilers (icx, icpx and 

ifort), version 2022.2.0. 

IV. EVALUATION AND ANALYSIS 

In this section, we carried out a performance evaluation of the 

described system by running both DNNs and SPEC 2017 applications. 

In each figure, an average value for the different suites will be 

represented. “AVG-DNN” is the average value across all the models 

of the Intel Model Zoo evaluated. “SPEC-INT” and “SPEC-FP” 

correspond to the average values for SPEC CPU integer and floating-

point benchmarks respectively, while “AVG-SPEC” is the average of 

all the SPEC CPU applications. 

A. Overall Micro-architectural Performance Efficiency 

We will start our analysis by measuring the overall performance of 

DNN applications compared to SPEC CPU 2017 in rate mode. We are 

especially interested in the overall performance efficiency, and the 

performance related to floating-point execution. To do so, we will 

make use of well-known metrics such as instructions per cycle (IPC), 

and floating-point operations per cycle (FLOP/cycle), which, when 

executed in the same system, is equivalent to FLOPS without the 

interference caused by CPU frequency scaling mechanisms. 



 

Fig. 2. Instructions per cycle (IPC) for all evaluated workloads 

 

Fig. 3.  Floating Points Instructions per Cycle (FLIN/cycle). 

 
Fig. 4. Floating Point Operations per Cycle (FLOP/cycle). 

 
Fig. 5. Floating Point Operations per Floating Point Instruction.

Fig. 2 shows the IPC obtained for the different applications, 

considering that the maximum IPC achievable on the test system is 4. 

As can be seen, SPEC CPU 2017 applications obtain higher IPC on 

average, with six applications reaching over 2 instructions per cycle. 

On the other hand, none of the DNN applications can reach those 

values, remaining slightly below 1.1 instructions per cycle on average. 

However, IPC can be a misleading metric, because it does not 

show what is really happening underneath. As can be seen in Fig. 3, 

DNN models generally have a greater number of floating-point 

instructions per cycle (FLIN/cycle), which is greater still when 

considering Floating Point Operations per cycle (FLOP/cycle) as seen 

in Fig. 4 (Note that some instructions, e.g. FMA, count as two 

instructions). This is because the amount of vectorization obtained by 

the DNN models is substantially higher than SPEC CPU 2017 Floating 

Point applications. As can be seen in Fig. 5, compiler auto-

vectorization cannot achieve over 256b instructions in SPEC 

applications. Even though, when using Intel compiler tools with an 

Intel specific configuration vectorization increases, it is not 

comparable to DNN’s. Most of the floating-point operations in DNN 

models are AVX-512, which, being mostly single precision, implies 

16 operations per instruction. In contrast, SPEC floating-point 

applications barely obtains 4 operations per instruction at best, using 

Intel compiler tools. 

B. Performance Breakdown (Level 1 Top-Down) 

In an attempt to understand in depth the reasons for the 

performance differences, and the potential impact of the different 
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components of the processor pipeline we extended the analysis by 

applying Top-Down methodology. To facilitate the readability of the 

results, the components of each Top-Down level of the hierarchy will 

be normalized, as can be seen in the schematic diagram in Fig. 6.  

 

Fig. 6. Top-Down analysis breakdown for the different levels of the 

hierarchy in the following figures. 

Beginning with the first level of the Top-Down hierarchy we 

obtain the data shown in Fig. 7, where the impact of frontend and 

backend in the overall performance can be observed, as well as the 

effect of miss speculation. As can be clearly seen, SPEC CPU 2017 

applications have better overall performance (represented by the 

Retired portion of the Top-Down analysis, which matches the IPC 

metric mentioned above (Fig. 6)). Although they are not homogeneous, 

in the case of SPEC applications performance loss is distributed, on 

average, between 60% of stalls caused by the backend and 40% 

distributed between both the frontend and bad speculation stalls. 

However, in the case of DNN applications, more than 95% of the 

performance loss is due solely to stalls in the backend. Only snippets 

of the effect of the frontend appear in some of the models, related to 

Object Detection and Recommendation, without ever outweighing the 

impact of the backend. 

 

 

Fig. 7. Top-Down level 1 analysis of SPEC CPU 2017 applications (up) and 

DNN models from Intel Model Zoo (down) 

C. Backend Issues 

Taking these results into account, we extended the level of detail 

of the Top-Down hierarchy in the Backend, in order to find out where 

the bottlenecks are located. 

 

Fig. 8. Top-Down level 2 analysis of the Backend of DNN models from 

Intel Model Zoo. 

Fig. 8 shows the second level of the Top-Down hierarchy related 

to the Backend, which is divided into Core Bound and Memory Bound. 

As can be seen, on average DNN applications seem to suffer mainly in 

the core portion of the backend, which could be related to the heavy 

use of vectorized floating point operations. However, the impact of the 

memory hierarchy is dominant in the applications corresponding to the 

image processing models in TensorFlow. This is important, because it 

indicates that, in about one third of the applications, core enhancement 

might have a reduced impact on performance. 

 
Fig. 9. Top-Down analysis level 3 of the Memory Bound portion of DNN 

models from Intel Model Zoo. 

1) Memory Hierarchy 
Continuing to explore the causes provoking the loss of 

performance, the next step is to carry out a level 3 Top-Down analysis 

focusing on memory. As can be seen in Fig. 9, main memory (DRAM) 

seems to be the main culprit of the memory hierarchy in the impact on 

performance in this type of applications. However, there are rare cases 

when a significant impact of the L1 cache can be observed. 

Specifically, in two models, NCF and Wavenet, belonging to the 

Recommendation and Text-to-Speech domains and most of the Image 

Recognition models from Pytorch. Other components of the memory 

hierarchy, such as L2 and L3 caches, have a smaller impact, which 

seems to indicate that, beyond the dataset that we can store in L1, the 

volume of the data managed and its reutilization, make it difficult to 

take advantage of spatial or temporal locality. That is, there is a strong 
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imbalance in the hierarchy and the L2 and L3 levels are unable to 

alleviate the long access times to the last DRAM level. 

 
Fig. 10. Top-Down level 4 analysis of the Core Bound portion of DNN 

models from Intel Model Zoo 

2) Functional Units 
Focusing on the Core, the last levels of the Top-Down hierarchy 

provide no information other than the number of ports used on average 

per cycle. As can be seen in Fig. 10, on average, DNN applications use 

one port per cycle, with some few cases where most of the time the 

core is waiting. However, the information is not complete enough, and 

it is necessary to go further into the reasons why so few ports are being 

used at any given moment. 

 

 

Fig. 11. Normalized cycles per core port utilization of SPEC CPU 2017 FP 

applications (up) and DNN models from Intel Model Zoo (down). 

To further elucidate this information, we performed an analysis 

with the perf evaluation tool to find out the number of cycles during 

which each one of the eight ports of the core is being used. In Fig. 11, 

we represent this normalized information, so that the total port usage 

adds up to 100%. In this case we show results from running both DNN 

and SPEC CPU 2017 applications in order to compare behaviors. As 

can be seen, the use of execution units in SPEC CPU 2017 floating-

point applications is quite homogeneous, which corresponds to what 

you want to see in the use of a CPU as a designer. In contrast, DNN 

models have a high usage of Port 0 in general. This port corresponds 

to various units, including FMA, Branch Execution and Floating-Point 

division, according to Intel documentation [57]. Clearly, DNN models 

have a need for vector execution units, specifically FMA, which 

confirms what we previously observed in Figure 4 and Figure 5. Load 

Units and Address Generation Units (located both on Port 2 and Port 

3) also have a significant impact. In contrast, most DNN models make 

negligible usage of ports like 6 and 7, corresponding to Branch 

Execution Unit and Address Generation Unit.  

There are some exceptions to this unbalanced behavior in port 

usage: mainly NCF, Wavenet and T5. At first glance, it might seem 

that these applications make more efficient use of the core, as in the 

case of SPEC CPU 2017 however their IPC is below 1 (Fig. 2). What 

seems to happen is that the number of floating-point instructions is low 

(Fig. 4). In some cases, specially T5, they have a significant memory 

bottleneck, while others, especially in WaveNet and NCF, the impact 

of the frontend is significant (Fig. 7). 

D. Second FMA Unit effect on the backend 

The Functional Unit configuration is a microarchitecture and 

processor specific feature. Including additional functional units seems 

to be a reasonable step to improve the performance of DNN 

applications on CPUs. In this section, we explore the impact of 

additional FMA units on backend behavior. The Cascade Lake 

microarchitecture has an AVX512 FMA unit in the Xeon® Silver 

family at its Port 0. In contrast, the Xeon® Gold processor family, adds 

a second AVX512 FMA unit at Port 5 among other features (mainly 

targeting operation frequency), presumably targeting applications 

similar to those analyzed in this work. We have performed a similar 

set of experiments for a 64-bit Intel® Xeon® Gold processor to those 

already performed for the Xeon Silver processor. The only change in 

this new set of experiments is the processor, the rest of the hardware 

components as well as the complete software stack (OS, PyTorch and 

TensorFlow frameworks) remain unchanged. 

Figures 12 through 15 summarize the results obtained for the new 

processor model. Each graph includes he previous (Silver) results to 

facilitate the comparison process. We begin our analysis with Fig. 12, 

which shows the results for the first level of the Top-Down hierarchy. 

Two relevant aspects of the Silver vs. Gold results should be 

highlighted. First, the contribution of both Frontend and Speculation 

to performance loss remains marginal and extremely similar between 

the two families. This result is consistent with the core description, as 

these pipeline elements of the microarchitecture are the same in both 

processor families. Second, applications running on the Gold processor 

achieve higher IPC, improving from 1.12 to 1.77 instructions per cycle 

on average. This performance improvement seems to come directly 

from a proportional reduction in the backend performance penalty. The 

second FMA Unit seems to have a direct performance effect that 

should be analyzed in detail, to determine what fraction of the 

improvement is related to this enhancement. 

Fig. 13 provides some insight into the source of the better backend 

performance by showing the results for the second level of the Top-

Down hierarchy related to the Backend, divided into Core Bound and 

Memory Bound. As can be seen, the differences between Silver and 
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Fig. 12. Top-Down level 1 analysis of DNN models from Intel Model Zoo, Silver vs. Gold. 

 

Fig. 13. Top-Down level 2 analysis of the Backend of DNN models from Intel Model Zoo, Silver vs. Gold. 

 

Fig. 14. Normalized cycles per core port utilization of DNN models from Intel Model Zoo, Silver vs. Gold. 

 

Fig. 15. Top-Down analysis level 3 of the Memory Bound portion of DNN models from Intel Model Zoo, Silver vs. Gold. 

Gold are significant in this case, and the microarchitectural 

improvements of the Gold processor have a direct impact on how each 

part of the backend penalizes performance. In general, the Gold 

processor reduces the penalty caused by the Functional Units, 

balancing the contribution of both backend components. In most cases 

where the core was clearly the dominant performance bottleneck (TF-

RFCN, TF-BERTT, PY-SSDR, etc.), this benefit is more relevant. On 

the other hand, most of the models where the Memory Hierarchy 

limited the performance with an FMA (TF-UNET, PY-RN50, PY-T5, 

etc.) no significant performance improvement can be achieved. It can 

be observed that, some applications are able to obtain great benefits 

from a second FMA, but become memory bound, provoking a swing 

from being core bound (TF-BERTT, PY-BERTL, PY-RN50, etc.).  

We extend our experiments to the third Top-Down level for both the 

Core and the Memory Hierarchy. Starting with the Functional Unit 

utilization, Fig. 14 shows the utilization distribution of the seven 

execution ports present in both cores. As can be seen, there is a notable 

difference between the backend behavior of one and two FMAs. The 

fraction of instructions executed on port 0 (FMA unit in both 

architectures) decreases significantly, while the fraction of instructions 

at port 5 (where the second FMA is located in the Xeon Gold 
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processor) follows the opposite trend. This is a clear effect of the 

presence of a second Functional Unit for FMA operations, and DNN 

applications improve data parallelism by performing two simultaneous 

FMA operations. However, it should be noted that despite the doubling 

of FMA capacity and utilization, the IPC is far from doubling, which 

is mainly limited by the memory hierarchy penalty. Once a balance is 

reached between Core and Memory bound in the backend, continuing 

to add FMA Functional Units without improving the memory 

hierarchy will progressively reduce the performance benefits gained 

from including more FMA operations in parallel. For this reason, it is 

important to understand where the main bottlenecks are along the 

whole storage hierarchy. To this end, Fig. 15 shows the performance 

penalty contribution of each level for both Silver and Golden 

processors. Both architectures share an equivalent on-chip memory 

hierarchy, but certain differences can be observed between the two 

processors. The changes in the Functional Units are one of the factors 

behind this different behavior, as the presence of a second FMA Unit 

certainly changes the timing of Load/Store operations. Despite the 

differences, both processors have the main bottleneck at the memory 

controller, and the DRAM is not able to serve the requests arriving at 

the controller in time. 

 

Fig. 16. Top-Down analysis level 4 of the DRAM portion of DNN models 

from Intel Model Zoo, Silver vs. Gold. 

Extending the analysis to the fourth Top-Down level for DRAM 

behavior, Fig. 16 shows that the main component of the memory 

bottleneck is the bandwidth (as opposed to Latency) for both processor 

families. However, as can be observed, the addition of an extra FMA 

unit increases the pressure on the memory controller, resulting in even 

more bandwidth contention. 

 

Fig. 17. Top-Down analysis level 1 of single-thread execution, Silver vs. 

Gold. 

To better characterize the impact of the memory hierarchy, we repeated 

the evaluation on the same systems, but executing each model with a 

single thread running on a single processor, to emulate a situation with 

more than enough bandwidth for the CPU needs. Fig. 17 shows that 

when the bandwidth penalty is significantly reduced, the Xeon Gold 

processor is able to achieve better performance gains thanks to the 

second FMA unit, with some applications, such as PY-SSDR, almost 

doubling its IPC. 

E. Similarity Analysis 

Finally, we study the similarities between the different Intel Model Zoo 

models. We used a Principal Component Analysis (PCA) to reduce the 

number of dimensions, from all the components of the Top-Down 

hierarchy shown in this work, to two principal components (PCA1 and 

PCA2). Next, we applied the K-Means clustering algorithm to separate 

the models into K clusters based on similarity. We use Scikit-Learn’s 

implementation of K-means, using the elbow and silhouette methods 

to select K, which is estimated to be 7 clusters. Fig. 18 represents all 

the Intel Model Zoo models according to their Principal Components, 

and each application is represented in the distribution colored 

according to the cluster it belongs to. The centroids of the different 

clusters are represented by red crosses. 

 

Fig. 18. Model distribution and clustering. 

TABLE II.  DNN MODELS DISTRIBUTION IN CLUSTERS 

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 

TF-SSDR TF-DN169 TF-NCF TF-INCV4 PY-INCV3 PY-RN50 TF-RFCN 

PY-RNNT TF-MOBV1 TF-WAVE TF-BERTM PY-RN101 PY-T5L TF-WANDD 

PY-ROBR TF-MASKR PY-GOOG TF-BERTT PY-RN152  PY-BERTB 

PY-FASTR TF-UNET  TF-FASTR PY-VG11  PY-BERTL 

PY-MASK   TF-SSDM   PY-DISTB 

PY-MKRN       

PY-RETN       

PY-SSDR       

PY-TRANS       

TABLE II. shows the distribution of the Intel Model Zoo models 

in the clusters obtained. As can be seen in Fig. 18, no single model is 

able to represent the entire spectrum. However, as seen in TABLE II, 

most of the models fit into Cluster 1, with fewer models in the 

remaining Clusters. It seems reasonable to select only a few models as 

representative, namely those closest to the centroids, and to select more 

models from the most crowded cluster. This could be important for 

benchmarking purposes, such as architectural simulation or future 
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benchmarking suites. The highlighted cells in TABLE II summarize 

our proposal for the selected representative models. 

V. RELATED WORK 

The work presented in this paper extensively analyzes the 

microarchitectural performance of a representative group of DNN 

models on modern computer systems. Despite the existence of 

alternative ML benchmarking suites [57][58], Intel’s Model Zoo is the 

most suitable for the characterization process. It provides a much larger 

number of models than alternatives such as MLPerf or CloudSuite and 

frameworks are optimized for the underlying hardware. 

There are multiple research works evaluating DNN-application 

performance. The authors in [59] limit evaluation to two CNN models, 

AlexNet and ResNet50. Their target consists of comparing total and 

per-layer training time in CPU and GPU architectures. Similarly, the 

authors in [60][61] analyze thread and batch size effect on performance 

(time), also comparing GPU and CPU hardware. DNN characterization 

is a different process to performance evaluation, pursuing other goals. 

In this work we do not analyze raw execution time values, instead we 

try to understand the hardware-software interactions and their effects 

on performance.  

Some recent works have carried out a similar characterization 

process. The authors in [62] compare MKL, MKL-DNN, and Eigen 

with GEMM (general matrix multiplication) microbenchmarks to 

highlight architectural bottlenecks. However, they limit the Top-Down 

analysis to single-threaded GEMM kernels with a variety of matrix 

sizes. Similarly, the authors in [63] make use of Top-Down 

methodology to perform a memory performance characterization of 

DNN workloads. In this case, their study is limited to a very specific 

type of DNNs, namely Graph Neural Networks. 

VI. CONCLUSIONS 

Using a representative group of DNN applications, belonging to 

Intel's Model Zoo, we have analyzed their behavior on a real system 

(64-bit Intel® Xeon® Silver 4216 and Gold 6242) using the hardware 

counters of the cores under analysis. It has been found that there is a 

large group of DNN applications whose behavior is quite similar. This 

is of interest in the initial design phases or for analysis with detailed 

simulators where the size of the significant set of applications should 

be reduced as much as possible. 

In the absence of a second FMA Unit, the average IPC of this set 

is relatively low compared to the numerical applications from the 

SPEC 2017 benchmark. Including the second FMA improves IPC, 

reaching similar results to conventional benchmark suites. However, 

for DNN applications the number of floating-point operations per cycle 

is much higher due to the regularity and massive use of vectorized FP 

instructions. 

Precisely, this regularity is what provokes the existence of 

bottlenecks. On the one hand, in Silver processors the number of 

functional units for FP operations is low, as befits a balanced general-

purpose system and on the other hand, for Gold processors where this 

problem is partially corrected the memory hierarchy is not capable of 

moving data closer to the core at the rate that would be necessary. 

Since this type of applications is becoming ubiquitous, this partly 

explains the tendency of processor manufacturers to introduce new 

functional units and/or accelerators for this type of applications. It 

should be noted that the bottlenecks are in both the core and the 

memory, so if only one is improved, the pressure falls on the other. 

This suggests that memory hierarchy optimizations might be 

necessary. 

Finally, it should also be noted that the results show that there are 

some DNN applications whose behavior deviates significantly from 

the rest. This should be considered carefully as their execution will 

only be slightly accelerated through the improvements introduced to 

speed up the execution of others. 
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