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What can you FAIND?

FAINDER has an explore page where you can FAIND a
table that contains:

1. The state-of-the-art Al models.

2. The different characteristics of the models
including layers, operations, data sparsity, data
types, memory footprint, hardware platforms,
general requirements and industry usage.

3. On each cell the specific data available for that
model.

4. The list of references including the papers from
which the data was taken.

CNN
DLRS

DNN
GNN
RNN

Transformers

Cr—

Inference
Convolutional Neural
Network (CNN) ¢
Training
Inference
Deep Learning
Recommendation
Systems (DLRS) ¢
Training
Inference
Deep Neural Network
(DNN) &
Training

Layers

Activation functions &

Neural Network ¢

Weights and bias
operations &

Pooling @

Backpropagation &

Batch normalization &

Dropout &

Forward pass &

Embedding lookup @
Embedding &
Lookup aggregation &

Activation functions &

Neural Network &

Weights and bias
operations &

Backpropagation &

Forward pass &

Activation functions &

Neural Network &

Weights and bias
eperations &

Backpropagation &

Batch normalization &

Dropout &

ReLU, Sigmoid or Tanh ¢

Vector-matrix multiply &

Vector-vector add &

Max, average or weighted
average &

Partial derivatives over a

Vector-vector add ¢
Vector-vector add &

vector-vector multiply @

Random binary vector
generation &

Allinference operations &

Load from memory &

Vector-vector add or
Vector-vector concat ¢

RelU &

Matrix-matrix multiply &

Vector-vector add &

Partial derivatives over a
ector @

Vector-vector add &

All inference operations @

ReLU, Sigmoid or Tanh @

Vector-matrix multiply &

Vector-vector add &

Partial derivatives over a
vector &@

Vector-vector add ¢
Vector-vectar add @

Vector-vector multiply &

Random binary vector
generation &

l " Fnutp'i"'

Dense matrix, Dense matrix
Dense vector, Dense matrix
P
&

Dense vector, Dense matrix
@

Dense vector, Dense vector
@

Dense matrix &

Dense vector &
Dense vector, Dense vector

Dense vector, Dense vector

Dense vector, Dense vector
@

BF16 &
FP16 @
FP32 @
Dense vector &
Dense vectors &
INT4 &
INT8 &
. INT32 @
Dense matrix & BF16 &
FP16 @
FP32 @
Dense matrix, Dense matrix
r
Dense vector, Dense vector
Dense vector, Dense vector
@
Dense vector, Dense vector INT8 &
@ INT32 &
BF16 @
FP16 &
FP32 &

Dense vector, Dense matrix
@

Dense vector, Dense vector
5
&

Dense vector &
Dense vector, Dense vector
@

Dense vector, Dense vector
@

Dense vector, Dense vector

BF16 &
FP16 &
FP32 @

Dense vector &

Operation

<1GB & CPU @
1GB-10GB ¢ GPU @
<1GB @
1GB-10GB & GPU &

10GB - 100 GB &

10GB - 100 GB @

CPU @
100 GB - 1000 GB &
GPU &@
1000GB - 10 TB &
MTIA &
>10TB &
10GB-100GB &
100 GB - 1000 GB & GPU &
1000GB - 1078 & MTIA &
>10T8 @
<1GB & CPU @
1GB-10GB & GPU &
<1GB &
GPU @

1GB-10GB @

Production hardware

platforms

Sparsity Data Type

Features Industry Usage

Real time requirements
High memory BW

Compute intensive

Apple: face id, Apple Neural Engine; Geogle: abject
detection; Instagram: automatically recognize and
tag images; Amazon: sSummarizing customer
feedback, forecasting

Memory footprint @
Memory bandwidth &

Scalability

Real time reqUi hments &
Neural network compul intensive &
Embedding light compute and Nigh memory

capacity and bandwidth fids @
A

Insta)
Spotify8
recomme)

Neural network compute intensive &

Embedding light compute and high memory
capacity and bandwidth needs &

Reattime reauirements @ G P L)
High memory BW &

Compute intensive &

Apple: face id,
detectiol
summarizing o

Memory footprint &
Memory bandwidth &

Scalability

é) References

1 Robert A Jacobs. Increased rates of convergence through learning
rate adaptation. Neural networks, 1(4):295-307, 1988.

Copy Text ® View Online

Justus, D., Brennan, J.,, Bonner, S. and McGough, AS. 2018,

2 December. Predicting the computational cost of deep learning
models. In 2018 IEEE international conference on big data (Big Data)
(pp. 3873-3882). IEEE.

Copy Text ® View Online




	Slide 1
	Slide 2
	Slide 3
	Slide 4

