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Lecture 6:

E!ciently Evaluating 
Deep Networks



Stanford CS348K, Spring 2023

Today
We will discuss the workload of evaluating deep neural networks (performing 
“inference”) 

- This lecture will be heavily biased towards concerns of DNNs that process images (to be honest, because 
that is what your instructor knows best)



Stanford CS348K, Spring 2023

E!ciency challenge
Many DNN topologies 

(Many variants on common backbones)

Many Target Devices
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the
task
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about1.2

m
il-
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fortraining,50,000

forvalidation
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for

testing.
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is
associated
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ground

truth
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based
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the
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scoring

classifier
predictions.
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o

num
-
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are

usually
reported:

the
top-1

accuracy
rate,

w
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pares

the
ground

truth
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firstpredicted
class,

and
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top-5
error

rate,w
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pares
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ground

truth
against
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first

5
predicted
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an
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is
deem
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correctly

classified
if
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ground

truth
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regardless
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.The

challenge
uses

the
top-5

errorrate
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Figure 9. The overall schema of the Inception-v4 network. For the
detailed modules, please refer to Figures 3, 4, 5, 6, 7 and 8 for the
detailed structure of the various components.

1x1 Conv 
(32)

1x1 Conv
(32)
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3x3 Conv
(32)

3x3 Conv
(32)

3x3 Conv
(32)

1x1 Conv
(256 Linear)

+

Relu activation

Relu activation

Figure 10. The schema for 35 ⇥ 35 grid (Inception-ResNet-A)
module of Inception-ResNet-v1 network.

Figure 11. The schema for 17 ⇥ 17 grid (Inception-ResNet-B)
module of Inception-ResNet-v1 network.

Figure 12. “Reduction-B” 17⇥17 to 8⇥8 grid-reduction module.
This module used by the smaller Inception-ResNet-v1 network in
Figure 15.

Figure 3. Left: Standard convolutional layer with batchnorm and
ReLU. Right: Depthwise Separable convolutions with Depthwise
and Pointwise layers followed by batchnorm and ReLU.

instance unstructured sparse matrix operations are not typ-
ically faster than dense matrix operations until a very high
level of sparsity. Our model structure puts nearly all of the
computation into dense 1⇥ 1 convolutions. This can be im-
plemented with highly optimized general matrix multiply
(GEMM) functions. Often convolutions are implemented
by a GEMM but require an initial reordering in memory
called im2col in order to map it to a GEMM. For instance,
this approach is used in the popular Caffe package [15].
1⇥1 convolutions do not require this reordering in memory
and can be implemented directly with GEMM which is one
of the most optimized numerical linear algebra algorithms.
MobileNet spends 95% of it’s computation time in 1 ⇥ 1
convolutions which also has 75% of the parameters as can
be seen in Table 2. Nearly all of the additional parameters
are in the fully connected layer.

MobileNet models were trained in TensorFlow [1] us-
ing RMSprop [33] with asynchronous gradient descent sim-
ilar to Inception V3 [31]. However, contrary to training
large models we use less regularization and data augmen-
tation techniques because small models have less trouble
with overfitting. When training MobileNets we do not use
side heads or label smoothing and additionally reduce the
amount image of distortions by limiting the size of small
crops that are used in large Inception training [31]. Addi-
tionally, we found that it was important to put very little or
no weight decay (l2 regularization) on the depthwise filters
since their are so few parameters in them. For the ImageNet
benchmarks in the next section all models were trained with
same training parameters regardless of the size of the model.

3.3. Width Multiplier: Thinner Models
Although the base MobileNet architecture is already

small and low latency, many times a specific use case or
application may require the model to be smaller and faster.
In order to construct these smaller and less computationally
expensive models we introduce a very simple parameter ↵
called width multiplier. The role of the width multiplier ↵ is
to thin a network uniformly at each layer. For a given layer

Table 1. MobileNet Body Architecture
Type / Stride Filter Shape Input Size
Conv / s2 3⇥ 3⇥ 3⇥ 32 224⇥ 224⇥ 3
Conv dw / s1 3⇥ 3⇥ 32 dw 112⇥ 112⇥ 32
Conv / s1 1⇥ 1⇥ 32⇥ 64 112⇥ 112⇥ 32
Conv dw / s2 3⇥ 3⇥ 64 dw 112⇥ 112⇥ 64
Conv / s1 1⇥ 1⇥ 64⇥ 128 56⇥ 56⇥ 64
Conv dw / s1 3⇥ 3⇥ 128 dw 56⇥ 56⇥ 128
Conv / s1 1⇥ 1⇥ 128⇥ 128 56⇥ 56⇥ 128
Conv dw / s2 3⇥ 3⇥ 128 dw 56⇥ 56⇥ 128
Conv / s1 1⇥ 1⇥ 128⇥ 256 28⇥ 28⇥ 128
Conv dw / s1 3⇥ 3⇥ 256 dw 28⇥ 28⇥ 256
Conv / s1 1⇥ 1⇥ 256⇥ 256 28⇥ 28⇥ 256
Conv dw / s2 3⇥ 3⇥ 256 dw 28⇥ 28⇥ 256
Conv / s1 1⇥ 1⇥ 256⇥ 512 14⇥ 14⇥ 256

5⇥ Conv dw / s1 3⇥ 3⇥ 512 dw 14⇥ 14⇥ 512
Conv / s1 1⇥ 1⇥ 512⇥ 512 14⇥ 14⇥ 512

Conv dw / s2 3⇥ 3⇥ 512 dw 14⇥ 14⇥ 512
Conv / s1 1⇥ 1⇥ 512⇥ 1024 7⇥ 7⇥ 512
Conv dw / s2 3⇥ 3⇥ 1024 dw 7⇥ 7⇥ 1024
Conv / s1 1⇥ 1⇥ 1024⇥ 1024 7⇥ 7⇥ 1024
Avg Pool / s1 Pool 7⇥ 7 7⇥ 7⇥ 1024
FC / s1 1024⇥ 1000 1⇥ 1⇥ 1024
Softmax / s1 Classifier 1⇥ 1⇥ 1000

Table 2. Resource Per Layer Type
Type Mult-Adds Parameters
Conv 1⇥ 1 94.86% 74.59%
Conv DW 3⇥ 3 3.06% 1.06%
Conv 3⇥ 3 1.19% 0.02%
Fully Connected 0.18% 24.33%

and width multiplier ↵, the number of input channels M be-
comes ↵M and the number of output channels N becomes
↵N .

The computational cost of a depthwise separable convo-
lution with width multiplier ↵ is:

DK ·DK · ↵M ·DF ·DF + ↵M · ↵N ·DF ·DF (6)

where ↵ 2 (0, 1] with typical settings of 1, 0.75, 0.5 and
0.25. ↵ = 1 is the baseline MobileNet and ↵ < 1 are
reduced MobileNets. Width multiplier has the effect of re-
ducing computational cost and the number of parameters
quadratically by roughly ↵2. Width multiplier can be ap-
plied to any model structure to define a new smaller model
with a reasonable accuracy, latency and size trade off. It
is used to define a new reduced structure that needs to be
trained from scratch.

3.4. Resolution Multiplier: Reduced Representa-
tion

The second hyper-parameter to reduce the computational
cost of a neural network is a resolution multiplier ⇢. We ap-
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Gradient detection "lters
Responds to 
horizontal 
gradients

Responds to 
vertical 
gradients

Note: you can think of a "lter as a “detector” of a pattern, 
and the magnitude of a pixel in the output image as the 
“response” of the "lter to the region surrounding each 
pixel in the input image
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Applying many "lters to an image at once
Input RGB image (W x H x 3)

96 11x11x3 "lters 
(3D because they operate on RGB) 96 responses (normalized)
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Applying many "lters to an image at once
Input: image (single channel): 

W x H

3x3 spatial convolutions on image 
3x3 x num_"lters weights

…

Output: "lter responses 
W x H x num_"lters

…

Each "lter described by unique 
set of 3x3 weights 

(each "lter “responds” to 
di#erent image phenomena)

Filter response maps 
(num_"lters of them)
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Adding additional layers
Input: image 

(single channel) 
W x H

3x3 spatial convolutions 
3x3 x num_"lters weights

…

Output: "lter responses 
W x H x num_"lters

…

Each "lter described by 
unique set of weights 
(responds to di#erent 

image phenomena)

Filter responses 

After ReLU 
W x H x num_"lters

…ReLU Pool
…

After Pool 
W/2 x H/2 x num_"lters

(max response 
in 2x2 region) 

Note data reduction as a 
result of “pooling”

Conv

…
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Going deeper

Visualization: images that generate strongest response for "lters at each layer

Layer 1 Layer 2 Layer 3

Filter 1 Filter 2 Filter 3

Filter 4 …

Filter 1 Filter 2 Filter 3 Filter 4

Filter 1 Filter 2 Filter 3 Filter 4
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ResNet (34 layer version)

Inception (GoogleLeNet)

Fully Convolutional Network for image segmentation

Upsampling network
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More recent image understanding networks
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E!ciently implementing convolution layers
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Direct implementation of conv layer (batched)
float input[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][INPUT_DEPTH];         // input activations 
float output[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][LAYER_NUM_FILTERS];  // output activations 
float layer_weights[LAYER_NUM_FILTERS][LAYER_CONVY][LAYER_CONVX][INPUT_DEPTH]; 
float layer_biases[LAYER_NUM_FILTERS]; 

// assumes convolution stride is 1 
for (int img=0; img<IMAGE_BATCH_SIZE; img++) 
   for (int j=0; j<INPUT_HEIGHT; j++) 
      for (int i=0; i<INPUT_WIDTH; i++) 
         for (int f=0; f<LAYER_NUM_FILTERS; f++) { 
            float tmp = layer_biases[LAYER_NUM_FILTERS]; 
            for (int kk=0; kk<INPUT_DEPTH; kk++)         // sum over filter responses of input channels 
               for (int jj=0; jj<LAYER_FILTER_Y; jj++)   // spatial convolution (Y) 

             for (int ii=0; ii<LAYER_FILTER_X; ii+)  // spatial convolution (X) 
                 tmp += layer_weights[f][jj][ii][kk] * input[img][j+jj][i+ii][kk]; 
        output[img][j][i][f] = tmp; 
     }

Seven loops with signi"cant input data reuse: reuse of "lter weights (during convolution), and reuse of input values 
(across di#erent "lters)
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Convolutional layer in Halide
int in_w, in_h, in_ch;               // input params: assume initialized  

Func in_func;                        // assume input function (activations) is initialized 

int num_f, f_w, f_h, pad, stride;    // parameters of the conv layer 

Func forward = Func("conv"); 
Var x, y, z, n;                      // z is num input channels, n is batch dimension 

// This creates a padded input to avoid checking boundary 
// conditions while computing the actual convolution 
f_in_bound = BoundaryConditions::repeat_edge(in_func, 0, in_w, 0, in_h); 

// Create buffers for layer parameters 
Halide::Buffer<float> W(f_w, f_h, in_ch, num_f) 
Halide::Buffer<float> b(num_f); 

// domain of summation for filter of size f_w x f_h x in_ch 
RDom r(0, f_w, 0, f_h, 0, in_ch); 

// Initialize to bias 
forward(x, y, z, n) =  b(z); 
forward(x, y, z, n) += W(r.x, r.y, r.z, z) * 
                       f_in_bound(x*stride + r.x - pad, y*stride + r.y - pad, r.z, n); 

Consider scheduling this seven-dimensional loop nest!
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3x3 convolution as matrix-vector product (“explicit gemm”)

2

6664

w0

w1
...
w8

3

7775

X00 X01 X02 X03 ...

X10 X11 X12 X13 ...

X20 X21 X22 X23 ...

X30 X31 X32 X33 ...

... ... ... ...

9

0   0   0   0   x00 x01 0   x10 x11

0   0   0   x00 x01 x02 x10 x11 x12

0   0   0   x01 x02 x03 x11 x12 x13

WxH

...

x00 x01 x02 x10 x11 x12 x20 x21 x22

Construct matrix from elements of input image

Note: 0-pad matrix
...

O(N) storage overhead for "lter with N elements 
Must construct input data matrix
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3x3 convolution as matrix-vector product (“explicit gemm”)
X00 X01 X02 X03 ...

X10 X11 X12 X13 ...

X20 X21 X22 X23 ...

X30 X31 X32 X33 ...

... ... ... ...

9
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...

...
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...
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3

7775

num "lters

...
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Multiple convolutions on multiple input channels

X00 X01 X02 X03 ...

X10 X11 X12 X13 ...

X20 X21 X22 X23 ...

X30 X31 X32 X33 ...

... ... ... ...

9 x num input channels

0   0   0   0   x00 x01 0   x10 x11

0   0   0   x00 x01 x02 x10 x11 x12

0   0   0   x01 x02 x03 x11 x12 x13WxH

...

x00 x01 x02 x10 x11 x12 x20 x21 x22
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...

channel 1

channel 0

channel 2
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...

x00 x01 x02 x10 x11 x12 x20 x21 x22

...

0   0   0   0   x00 x01 0   x10 x11

0   0   0   x00 x01 x02 x10 x11 x12

0   0   0   x01 x02 x03 x11 x12 x13

...

x00 x01 x02 x10 x11 x12 x20 x21 x22

channel 0 values channel 1 values channel 2 values

For each "lter, sum responses over input channels 

Equivalent to (3 x 3 x num_channels) convolution 
on (W x H x num_channels) input data

2

6666666666666666666664

w000 w001 w002 · · · w00N

w010 w011 w012 · · · w01N
...

...
...

...
w080 w081 w082 · · · w08N

w100 w101 w102 · · · w10N

w110 w111 w112 · · · w11N
...

...
...

...
w180 w181 w182 · · · w18N

w200 w201 w202 · · · w20N

w210 w211 w212 · · · w21N
...

...
...

...
w280 w281 w282 · · · w28N

3

7777777777777777777775



Stanford CS348K, Spring 2023

Conv layer to explicit GEMM mapping 

Image credit: NVIDIA

Symbol reference: 
Spatial support of "lters: R x S  
Input channels: C 
Number of "lters: K 
Batch size: N 
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High performance implementations of GEMM exist

To use “o# the shelf” libraries, must materialize input 
matrices. 

Increases DRAM tra!c by a factor of R x S 
(To read input data from activation tensor and constitute 
“convolution matrix” )  

Also requires large amount of aux storage
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Dense matrix multiplication
float A[M][K]; 
float B[K][N]; 
float C[M][N]; 

// compute C += A * B 
#pragma omp parallel for 
for (int j=0; j<M; j++) 
  for (int i=0; i<N; i++) 
     for (int k=0; k<K; k++) 
         C[j][i] += A[j][k] * B[k][i];

K

M

N

M K

N

= X

What is the problem with this implementation?

Low arithmetic intensity (does not exploit temporal locality in access to A and B)

C A B
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Blocked dense matrix multiplication
float A[M][K]; 
float B[K][N]; 
float C[M][N]; 

// compute C += A * B 
#pragma omp parallel for 
for (int jblock=0; jblock<M; jblock+=BLOCKSIZE_J) 
  for (int iblock=0; iblock<N; iblock+=BLOCKSIZE_I) 
     for (int kblock=0; kblock<K; kblock+=BLOCKSIZE_K) 
        for (int j=0; j<BLOCKSIZE_J; j++) 
           for (int i=0; i<BLOCKSIZE_I; i++) 
              for (int k=0; k<BLOCKSIZE_K; k++) 
                 C[jblock+j][iblock+i] += A[jblock+j][kblock+k] * B[kblock+k][iblock+i];

K

M

N

M K

N

= XC A B

Idea: compute partial result for block of C while required blocks of A and B remain in cache 
(Assumes BLOCKSIZE chosen to allow block of A, B, and C to remain resident)

Self check: do you want as big a BLOCKSIZE as possible? Why? 
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Hierarchical blocked matrix mult

float A[M][K]; 
float B[K][N]; 
float C[M][N]; 

// compute C += A * B 
#pragma omp parallel for 
for (int jblock2=0; jblock2<M; jblock2+=L2_BLOCKSIZE_J) 
  for (int iblock2=0; iblock2<N; iblock2+=L2_BLOCKSIZE_I) 
     for (int kblock2=0; kblock2<K; kblock2+=L2_BLOCKSIZE_K) 
        for (int jblock1=0; jblock1<L1_BLOCKSIZE_J; jblock1+=L1_BLOCKSIZE_J) 
           for (int iblock1=0; iblock1<L1_BLOCKSIZE_I; iblock1+=L1_BLOCKSIZE_I) 
              for (int kblock1=0; kblock1<L1_BLOCKSIZE_K; kblock1+=L1_BLOCKSIZE_K) 
                  for (int j=0; j<BLOCKSIZE_J; j++) 
                     for (int i=0; i<BLOCKSIZE_I; i++) 
                        for (int k=0; k<BLOCKSIZE_K; k++) 
                           ...

Not shown: "nal level of “blocking” for register locality…

Exploit multiple levels of memory hierarchy
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Blocked dense matrix multiplication (1)

... 
for (int j=0; j<BLOCKSIZE_J; j++) { 
   for (int i=0; i<BLOCKSIZE_I; i+=SIMD_WIDTH) { 
      simd_vec C_accum = vec_load(&C[jblock+j][iblock+i]); 
      for (int k=0; k<BLOCKSIZE_K; k++) { 
         // C = A*B + C 
         simd_vec A_val = splat(&A[jblock+j][kblock+k]); // load a single element in vector register 
         simd_muladd(A_val, vec_load(&B[kblock+k][iblock+i]), C_accum); 
      } 
      vec_store(&C[jblock+j][iblock+i], C_accum); 
   } 
}

BLOCKSIZE_K

BLOCKSIZE_J

BLOCKSIZE_I

= XC A B

Vectorize i loop 
Good: also improves spatial locality in access to B 
Bad: working set increased by SIMD_WIDTH, still walking over B in large steps

BLOCKSIZE_I

BL
OC

KS
IZE

_K

BL
OC

KS
IZE

_J

Consider SIMD parallelism within a block
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Blocked dense matrix multiplication (2)

... 
for (int j=0; j<BLOCKSIZE_J; j++) 
   for (int i=0; i<BLOCKSIZE_I; i++) { 
      float C_scalar = C[jblock+j][iblock+i]; 
      // C_scalar += dot(row of A,row of B) 
      for (int k=0; k<BLOCKSIZE_K; k+=SIMD_WIDTH) { 
        C_scalar += simd_dot(vec_load(&A[jblock+j][kblock+k]), vec_load(&Btrans[iblock+i][[kblock+k]); 
      } 
      C[jblock+j][iblock+i] = C_scalar; 
   }

BLOCKSIZE_K

BLOCKSIZE_J
BLOCKSIZE_I

= XC A
BT

Assume i dimension is small.  Previous vectorization scheme (1) would not work well. 
Pre-transpose block of B (copy block of B to temp bu#er in transposed form) 
Vectorize innermost loop

BLOCKSIZE_I

BLOCKSIZE_K

BL
OC

KS
IZE

_J
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Di#erent layers of a single DNN may bene"t from unique scheduling 
strategies (di#erent matrix dimensions)

Figure 3. Left: Standard convolutional layer with batchnorm and
ReLU. Right: Depthwise Separable convolutions with Depthwise
and Pointwise layers followed by batchnorm and ReLU.

instance unstructured sparse matrix operations are not typ-
ically faster than dense matrix operations until a very high
level of sparsity. Our model structure puts nearly all of the
computation into dense 1⇥ 1 convolutions. This can be im-
plemented with highly optimized general matrix multiply
(GEMM) functions. Often convolutions are implemented
by a GEMM but require an initial reordering in memory
called im2col in order to map it to a GEMM. For instance,
this approach is used in the popular Caffe package [15].
1⇥1 convolutions do not require this reordering in memory
and can be implemented directly with GEMM which is one
of the most optimized numerical linear algebra algorithms.
MobileNet spends 95% of it’s computation time in 1 ⇥ 1
convolutions which also has 75% of the parameters as can
be seen in Table 2. Nearly all of the additional parameters
are in the fully connected layer.

MobileNet models were trained in TensorFlow [1] us-
ing RMSprop [33] with asynchronous gradient descent sim-
ilar to Inception V3 [31]. However, contrary to training
large models we use less regularization and data augmen-
tation techniques because small models have less trouble
with overfitting. When training MobileNets we do not use
side heads or label smoothing and additionally reduce the
amount image of distortions by limiting the size of small
crops that are used in large Inception training [31]. Addi-
tionally, we found that it was important to put very little or
no weight decay (l2 regularization) on the depthwise filters
since their are so few parameters in them. For the ImageNet
benchmarks in the next section all models were trained with
same training parameters regardless of the size of the model.

3.3. Width Multiplier: Thinner Models
Although the base MobileNet architecture is already

small and low latency, many times a specific use case or
application may require the model to be smaller and faster.
In order to construct these smaller and less computationally
expensive models we introduce a very simple parameter ↵
called width multiplier. The role of the width multiplier ↵ is
to thin a network uniformly at each layer. For a given layer

Table 1. MobileNet Body Architecture
Type / Stride Filter Shape Input Size
Conv / s2 3⇥ 3⇥ 3⇥ 32 224⇥ 224⇥ 3
Conv dw / s1 3⇥ 3⇥ 32 dw 112⇥ 112⇥ 32
Conv / s1 1⇥ 1⇥ 32⇥ 64 112⇥ 112⇥ 32
Conv dw / s2 3⇥ 3⇥ 64 dw 112⇥ 112⇥ 64
Conv / s1 1⇥ 1⇥ 64⇥ 128 56⇥ 56⇥ 64
Conv dw / s1 3⇥ 3⇥ 128 dw 56⇥ 56⇥ 128
Conv / s1 1⇥ 1⇥ 128⇥ 128 56⇥ 56⇥ 128
Conv dw / s2 3⇥ 3⇥ 128 dw 56⇥ 56⇥ 128
Conv / s1 1⇥ 1⇥ 128⇥ 256 28⇥ 28⇥ 128
Conv dw / s1 3⇥ 3⇥ 256 dw 28⇥ 28⇥ 256
Conv / s1 1⇥ 1⇥ 256⇥ 256 28⇥ 28⇥ 256
Conv dw / s2 3⇥ 3⇥ 256 dw 28⇥ 28⇥ 256
Conv / s1 1⇥ 1⇥ 256⇥ 512 14⇥ 14⇥ 256

5⇥ Conv dw / s1 3⇥ 3⇥ 512 dw 14⇥ 14⇥ 512
Conv / s1 1⇥ 1⇥ 512⇥ 512 14⇥ 14⇥ 512

Conv dw / s2 3⇥ 3⇥ 512 dw 14⇥ 14⇥ 512
Conv / s1 1⇥ 1⇥ 512⇥ 1024 7⇥ 7⇥ 512
Conv dw / s2 3⇥ 3⇥ 1024 dw 7⇥ 7⇥ 1024
Conv / s1 1⇥ 1⇥ 1024⇥ 1024 7⇥ 7⇥ 1024
Avg Pool / s1 Pool 7⇥ 7 7⇥ 7⇥ 1024
FC / s1 1024⇥ 1000 1⇥ 1⇥ 1024
Softmax / s1 Classifier 1⇥ 1⇥ 1000

Table 2. Resource Per Layer Type
Type Mult-Adds Parameters
Conv 1⇥ 1 94.86% 74.59%
Conv DW 3⇥ 3 3.06% 1.06%
Conv 3⇥ 3 1.19% 0.02%
Fully Connected 0.18% 24.33%

and width multiplier ↵, the number of input channels M be-
comes ↵M and the number of output channels N becomes
↵N .

The computational cost of a depthwise separable convo-
lution with width multiplier ↵ is:

DK ·DK · ↵M ·DF ·DF + ↵M · ↵N ·DF ·DF (6)

where ↵ 2 (0, 1] with typical settings of 1, 0.75, 0.5 and
0.25. ↵ = 1 is the baseline MobileNet and ↵ < 1 are
reduced MobileNets. Width multiplier has the effect of re-
ducing computational cost and the number of parameters
quadratically by roughly ↵2. Width multiplier can be ap-
plied to any model structure to define a new smaller model
with a reasonable accuracy, latency and size trade off. It
is used to define a new reduced structure that needs to be
trained from scratch.

3.4. Resolution Multiplier: Reduced Representa-
tion

The second hyper-parameter to reduce the computational
cost of a neural network is a resolution multiplier ⇢. We ap-

Notice sizes of weights and activations in this network: 
(and consider SIMD widths of modern machines). 

Ug for library implementers!
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Optimization: do not materialize full matrix 
(“implicit gemm”)
This is a naive implementation 
that does not perform blocking, 
but indexes into input weight and 
activation tensors. 

Image credit: NVIDIA

Symbol reference: 
Spatial support of "lters: R x S  
Input channels: C 
Number of "lters: K 
Batch size: N 
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Optimization: do not materialize full matrix 
(“implicit gemm”)
Better implementation: 
materialize only a sub-block of the 
convolution matrix at a time in 
GPU on-chip “shared memory” 

Image credit: NVIDIA

Symbol reference: 
Spatial support of "lters: R x S  
Input channels: C 
Number of "lters: K 
Batch size: N

Does not require additional o#-chip storage and 
does not increase required DRAM tra!c. 

Use well-tuned shared-memory based GEMM 
routines to perform sub-block GEMM (see CUTLASS)
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NVIDIA CUTLASS
Basic primitives/building block for implementing your custom high performance 
DNN layers. (e.g, unusual sizes that haven’t been heavily tuned by cuDNN)

Fast (in-shared memory) GEMM 
Fast WARP level GEMMs 
Iterators for fast block loading/tensor indexing 
Tensor reductions 
Etc.
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L2 Cache (6 MB)

GPU memory (HBM) 
(16 GB)

900 GB/sec 
(4096 bit interface)

Recall: NVIDIA V100 GPU (80 SMs)
Many processing units and many tensor 
cores. 

Need “a lot of parallel work” to "ll the 
machine.
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Higher performance with “more work”
N=1, P=Q=64 case: 
64 x 64 x 128 x 1 = 524K outputs = 2 MB of output data ($oat32)  

N=32, P=Q=256 case: 
256 x 256 x 128 x 32 = 256M outputs = 1 GB of output data ($oat32)
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Direct implementation of conv layer
float input[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][INPUT_DEPTH];         // input activations 
float output[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][LAYER_NUM_FILTERS];  // output activations 
float layer_weights[LAYER_NUM_FILTERS][LAYER_CONVY][LAYER_CONVX][INPUT_DEPTH]; 
Float layer_biases[LAYER_NUM_FILTERS]; 

// assumes convolution stride is 1 
for (int img=0; img<IMAGE_BATCH_SIZE; img++) 
   for (int j=0; j<INPUT_HEIGHT; j++) 
      for (int i=0; i<INPUT_WIDTH; i++) 
         for (int f=0; f<LAYER_NUM_FILTERS; f++) { 
            float tmp = layer_biases[LAYER_NUM_FILTERS]; 
            for (int kk=0; kk<INPUT_DEPTH; kk++)         // sum over filter responses of input channels 
               for (int jj=0; jj<LAYER_FILTER_Y; jj++)   // spatial convolution (Y) 

             for (int ii=0; ii<LAYER_FILTER_X; ii+)  // spatial convolution (X) 
                 tmp += layer_weights[f][jj][ii][kk] * input[img][j+jj][i+ii][kk]; 
        output[img][j][i][f] = tmp; 
     }

Or you can just directly implement this loop nest directly yourself.
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Low-level vendor libraries o#er high-performance implementations 
of key DNN layers
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Example: CUDNN convolution

Possible algorithms:
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NCHW tensor data layout
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NHWC tensor data layout
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Another tensor layout (blocked C)
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High level DNN libraries o#er high-performance implementations 
of key DNN layers

NN ops
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NN ops

Implemented via 
lower level libraries

High level DNN libraries o#er high-performance implementations of 
key DNN layers
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Many e#orts to automatically schedule key DNN 
operations


