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Lecture 6:

E!cient DNN Inference
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Today
Key issues optimizing the e!ciency in DNN inference 

Today: why matrix-matrix multiply is such a key building block 
- Implementation in software vs. accelerator hardware 
- Specialization trade-o"s 
- [Next time] why low precision is so important 

Last 10 minutes of class: 
- Conversation about projects
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E!ciency challenge
Many DNN topologies 

(Many variants on common backbones)

Many Target Devices
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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.
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1x1 Conv
(256 Linear)

+
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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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3x3 convolution (again)
float input[WIDTH+2][HEIGHT+2]; 
float output[WIDTH][HEIGHT]; 

float weights[3][3] = {{1./9, 1./9, 1./9}, 
                       {1./9, 1./9, 1./9}, 
                       {1./9, 1./9, 1./9}}; 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[j+jj][i+ii] * weights[jj][ii]; 
      output[j][i] = tmp; 
  } 
}

Total work per output image =  
    9 x WIDTH x HEIGHT
For NxN #lter:  N2 x WIDTH x HEIGHT
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Performing many 3x3 convolutions
float input[WIDTH+2][HEIGHT+2]; 
float output[NUM_FILTERS][WIDTH][HEIGHT]; 

float weights[NUM_FILTERS][3][3] = { {{1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}}, ... 
                  

for (int k=0; k<NUM_FILTERS; k++) { 
for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[j+jj][i+ii] * weights[k][jj][ii]; 
      output[k][j][i] = tmp; 
  } 
} 

}

Total work per output image =  
    9 x WIDTH x HEIGHT
For NxN #lter:  N2 x WIDTH x HEIGHT

Total work =  
NUM_FILTERS x 9 x WIDTH x HEIGHT
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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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Performing many 3x3 convolutions, then a reLU
float input[WIDTH+2][HEIGHT+2]; 
float output[NUM_FILTERS][WIDTH][HEIGHT]; 
float output2[NUM_FILTERS][WIDTH][HEIGHT]; 

float weights[NUM_FILTERS][3][3] = { {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}}, ... 
                  
for (int k=0; k<NUM_FILTERS; k++) { 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[j+jj][i+ii] * weights[k][jj][ii]; 
      output[k][j*WIDTH + i] = tmp; 
  } 
} 

} 

for (int k=0; k<NUM_FILTERS; k++) { 
for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
       output2[k][j][i] = output[k][j][i] < 0) 0 : output[k][j][i]; 
   } 
} 

} 
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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

…ReLUConv

…
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Performing many 3x3 convolutions, then a reLU, 
then a max pool
float input[WIDTH+2][HEIGHT+2]; 
float output[NUM_FILTERS][WIDTH][HEIGHT]; 
float output2[NUM_FILTERS][WIDTH][HEIGHT]; 
float output2[NUM_FILTERS][WIDTH/2][HEIGHT/2]; 

float weights[NUM_FILTERS][3][3] = { {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}}, ... 
                  
for (int k=0; k<NUM_FILTERS; k++) { 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[j+jj][i+ii] * weights[k][jj][ii]; 
      output[k][j*WIDTH + i] = tmp; 
  } 
} 

} 

for (int k=0; k<NUM_FILTERS; k++) { 
for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
       output2[k][j][i] = output[k][j][i] < 0) 0 : output[k][j][i]; 
   } 
} 

}

for (int k=0; k<NUM_FILTERS; k++) { 
for (int j=0; j<HEIGHT/2; j++) { 
   for (int i=0; I<WIDTH/2; i++) { 
       output3[k][j][i] = max(output2[k][2*j][2*I], 
                              output2[k][2*j][2*i+1], 
                              output2[k][2*j+1][2*i], 
                              output2[k][2*j+1][2*I+1]); 
       } 
   } 

}
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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 Spatial 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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Performing many 3x3 convolutions, then a reLU, on 
multi-channel input (not showing max pool)
float input[WIDTH+2][HEIGHT+2][NUM_CHANNELS]; 
float output[NUM_FILTERS][WIDTH][HEIGHT]; 
float output2[NUM_FILTERS][WIDTH][HEIGHT]; 

float weights[NUM_FILTERS][3][3][NUM_CHANNELS] = { {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}, {1./9, 1./9, 1./9}}, ... 
                  
for (int k=0; k<NUM_FILTERS; k++) { 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            for (int cc=0; cc<NUM_CHANNELS; cc++) 
               tmp += input[j+jj][i+ii][cc] * weights[k][jj][ii][cc]; 
      output[k][j*WIDTH + i] = tmp; 
  } 
} 

} 

for (int k=0; k<NUM_FILTERS; k++) { 
for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
       output2[k][j][i] = output[k][j][i] < 0) 0 : output[k][j][i]; 
   } 
} 

}

Total work per output image =  
    9 x NUM_CHANNELS x WIDTH x HEIGHT

Total work =  
NUM_FILTERS x 9 x NUM_CHANNELS x WIDTH x HEIGHT
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ResNet (34 layer version)

Inception (GoogleLeNet)

Fully Convolutional Network for image segmentation

Upsampling network
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Common 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

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

2

6664

w00 w01 w02 · · · w0N
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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
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0   0   0   x00 x01 x02 x10 x11 x12
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channel 0

channel 2
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...

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
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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 
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



Stanford CS348K, Spring 2024

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

// compute C += A * B 
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 
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!



Stanford CS348K, Spring 2024

Matrix multiplication implementations
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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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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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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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Algorithmic improvements
Direct convolution can be implemented e!ciently in Fourier domain 
(convolution → element-wise multiplication) 
- Overhead: FFT to transform inputs into Fourier domain, inverse FFT to get responses back to spatial domain (NlgN) 
- Inverse transform amortized over all input channels (due to summation over inputs) 

Direct convolution using work-e!cient Winograd convolutions

1D example: consider producing two outputs of a 3-tap 1D convolution with weights: w0 w1 w2 

x0 x1 x2 x3

y0 y1


y0
y1

�
=


x0 x1 x2

x1 x2 x3

�2

4
w0

w1

w2

3

5 =


m1 +m2 +m3

m2 �m3 �m4

�

Winograd 1D 3-element #lter: 
4 multiplies  
8 additions 
(4 to compute m’s + 4 to reduce #nal result) 

Direct convolution: 6 multiplies, 4 adds 
In 2D can notably reduce multiplications 
(3x3 #lter: 2.25x fewer multiples for 2x2 block of output) 

m1 = (x0 � x1)w0

m2 = (x1 + x2)
w0 + w1 + w2

2

m3 = (x2 � x1)
w0 � w1 + w2

2
m4 = (x1 � x3)w2

m1 = (x0 � x1)w0

m2 = (x1 + x2)
w0 + w1 + w2

2

m3 = (x2 � x1)
w0 � w1 + w2

2
m4 = (x1 � x3)w2

m1 = (x0 � x1)w0

m2 = (x1 + x2)
w0 + w1 + w2

2

m3 = (x2 � x1)
w0 � w1 + w2

2
m4 = (x1 � x3)w2

m1 = (x0 � x1)w0

m2 = (x1 + x2)
w0 + w1 + w2

2

m3 = (x2 � x1)
w0 � w1 + w2

2
m4 = (x1 � x3)w2

Filter dependent 
(can be precomputed)
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Matrix multiplication is also at the heart of 
the “attention” blocks of a transformer architecture
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Transformer architecture for sequence models
Sequence of tokens in, sequence of tokens out

Example: next word prediction
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Attention module

Let

Let

Let
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Computing attention

Q: N x d

KT: d x N
S = QKT: N x N P = softmax(S): N x N

Si softmax(Si)

P: N x N

V: N x d O = PV: N x d
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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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NN ops

Implemented via 
lower level libraries

High level DNN libraries o"er high-performance implementations of 
key DNN layers
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Memory tra!c between operations
Consider this sequence:

Conv Scale/Bias Max Pool

Imagine the bandwidth cost of dumping 1 GB of conv outputs to memory, 
and reading it back in between each op!

Conv + Scale/Bias + Max Pool

N x H x W x C N x H x W x K N x H x W x K N x H/2 x W/2 x K

N x H x W x C
N x H/2 x W/2 x K
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Fusing operations with conv layer
float input[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][INPUT_DEPTH]; 
float output[IMAGE_BATCH_SIZE][INPUT_HEIGHT][INPUT_WIDTH][LAYER_NUM_FILTERS]; 
float layer_weights[LAYER_NUM_FILTERS][LAYER_CONVY][LAYER_CONVX][INPUT_DEPTH]; 

// 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 = 0.f; 
            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*scale + bias; 
     }

How would you also “fuse” in the max pool? (output = max of every 2x2 block of input)
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Old style: APIs include hardcoded versions of “fused” ops

Tensor$ow:
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Limited fusion example: CUDNN “backend"

Compiler generates new implementations that “fuse” multiple operations into a single node that executes 
e!ciently (without runtime overhead or communicating intermediate results through memory)   

Note: this is Halide “compute at”
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Many e"orts to automatically schedule key DNN operations
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Two computer architecture reminders
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Compute specialization = energy e!ciency
Rules of thumb: compared to high-quality C code on CPU... 

Throughput-maximized processor architectures: e.g., GPU cores 

- Approximately 10x improvement in perf / watt 

- Assuming code maps well to wide data-parallel execution and is compute bound 

Fixed-function ASIC (“application-speci#c integrated circuit”) 

- Can approach 100-1000x or greater improvement in perf/watt 

- Assuming code is compute bound and 
and is not $oating-point math

[Source: Chung et al. 2010 , Dally 08]

[Figure credit Eric Chung]
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Data movement has high energy cost
Rule of thumb in modern system design: always seek to reduce amount of data movement in a computer 

“Ballpark” numbers 
- Integer op: ~ 1 pJ * 
- Floating point op: ~20 pJ * 
- Reading 64 bits from small local SRAM (1mm away on chip): ~ 26 pJ 
- Reading 64 bits from low power mobile DRAM (LPDDR): ~1200 pJ 

Implications 
- Reading 10 GB/sec from memory: ~1.6 watts 
- Entire power budget for mobile GPU: ~1 watt  

(remember phone is also running CPU, display, radios, etc.) 
- iPhone 6 battery: ~7 watt-hours   (note: my Macbook Pro laptop: 99 watt-hour battery) 
- Exploiting locality matters!!!

* Cost to just perform the logical operation, not counting overhead of instruction decode, load data from registers, etc.

[Sources: Bill Dally (NVIDIA), Tom Olson (ARM)]
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On-chip caches locate data near processing
Processors run e!ciently when data is resident in caches 

Caches reduce memory access latency * 
Caches reduce the energy cost of data access

38 GB/sec
L3 cache 

(8 MB)

L1 cache 
(32 KB)

L2 cache 
(256 KB)

L1 cache 
(32 KB)

L2 cache 
(256 KB)

. . .

Memory 
DDR4 DRAM 

(Gigabytes)

Core 1

Core N

* Caches also provide high bandwidth data transfer to CPU



Stanford CS348K, Spring 2023

Example: 
NVIDIA A100 GPU 

Up to 80 GB HMB2 stacked memory 
2 TB/sec memory bandwidth 

Also note: A100 has 40 MB L2 cache 
(increased from 6.1 MB on V100)

Memory stacking locates memory near chip
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Improving hardware e!ciency 
for DNN operations
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Investment in AI hardware

NVIDIA Market Cap 
2020-2024
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Hardware acceleration of DNN inference/training

Google TPU3

Huawei Kirin NPU

Apple Neural Engine

GraphCore IPU

Ampere GPU with 
Tensor Cores

Intel Deep Learning 
Inference Accelerator

Cerebras Wafer Scale Engine

SambaNova 
Cardinal SN10
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E!ciency estimates *
Estimated overhead of programmability (instruction stream, control, etc.) 

- Half-precision FMA (fused multiply-add) 

- Half-precision DP4 (vec4 dot product) 

- Half-precision 4x4 MMA (matrix-matrix multiply + accumulate)

2000% 
500% 
27%

NVIDIA Xavier (SoC for automotive domain) 

Features a Computer Vision Accelerator (CVA), a custom module for deep 
learning acceleration (large matrix multiply unit) 

~ 2x more e!cient than NVIDIA V100 MMA instruction despite being 
highly specialized component. (includes optimization of gating 
multipliers if either operand is zero)

* Estimates by Bill Dally using academic numbers, SysML talk, Feb 2018
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Ampere GPU SM (A100)
Each SM core has: 
64 fp32 ALUs (mul-add) 
32 int32 ALUs 
4 “tensor cores” 
Execute 8x4 x 4x8 matrix mul-add instr 
A x B + C  for matrices A,B,C 
A, B stored as fp16, accumulation with fp32 C 

There are 108 SM cores in the GA100 GPU: 
6,912 fp32 mul-add ALUs 
432 tensor cores 
1.4 GHz max clock  
= 19.5 TFLOPs fp32 
+ 312 TFLOPs (fp16/32 mixed) in tensor cores

Single instruction to perform 
2x8x4x8 FP16 + 8x8 TF32 ops

The NVIDIA tensor core approach is 
an evolutionary design: add DNN-
speci#c instructions to a traditional 
programmable processor 
(“evolve, don’t replace”)
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Google TPU 
(version 1)



 

Hence, the TPU is closer in spirit to an FPU (floating-point unit) coprocessor than it is to a GPU. 
 

 
 
Figure 1. TPU Block Diagram. The main computation part is the Figure 2. Floor Plan of TPU die. The shading follows Figure 1.  
yellow Matrix Multiply unit in the upper right hand corner. Its inputs The light (blue) data buffers are 37% of the die, the light (yellow)  
are the blue Weight FIFO and the blue Unified Buffer (UB) and its compute is 30%,  the medium (green) I/O is 10%, and the dark  
output is the blue Accumulators (Acc). The yellow Activation Unit (red) control is just 2%. Control is much larger (and much more  
performs the nonlinear functions on the Acc, which go to the UB. difficult to design) in a CPU or GPU 
 

The goal was to run whole inference models in the TPU to reduce interactions with the host CPU and to be flexible 
enough to match the NN needs of 2015 and beyond, instead of just what was required for 2013 NNs. Figure 1 shows the block 
diagram of the TPU.  

The TPU instructions are sent from the host over the PCIe Gen3 x16 bus into an instruction buffer. The internal blocks 
are typically connected together by 256-byte -wide paths. Starting in the upper-right corner, the Matrix Multiply Unit  is the 
heart of the TPU. It contains 256x256 MACs that can perform 8-bit multiply-and-adds on signed or unsigned integers. The 
16-bit products are collected in the 4 MiB of 32-bit Accumulators  below the matrix unit. The 4MiB represents 4096, 
256-element, 32-bit accumulators. The matrix unit produces one 256-element partial sum per clock cycle. We picked 4096 by 
first noting that the operations per byte need to reach peak performance (roofline knee in Section 4) is ~1350, so we rounded 
that up to 2048 and then duplicated it so that the compiler could use double buffering while running at peak performance. 

When using a mix of 8-bit weights and 16-bit activations (or vice versa), the Matrix Unit computes at half-speed, and it 
computes at a quarter-speed when both are 16 bits. It reads and writes 256 values per clock cycle and can perform either a 
matrix multiply or a convolution. The matrix unit holds one 64 KiB tile of weights plus one for double-buffering (to hide the 
256 cycles it takes to shift a tile in). This unit is designed for dense matrices. Sparse architectural support was omitted for 
time-to-deploy reasons. Sparsity will have high priority in future designs. 

The weights for the matrix unit are staged through an on-chip Weight FIFO  that reads from an off-chip 8 GiB DRAM 
called Weight Memory  (for inference, weights are read-only; 8 GiB supports many simultaneously active models). The weight 
FIFO is four tiles deep. The intermediate results are held in the 24 MiB on-chip Unified Buffer , which can serve as inputs to 
the Matrix Unit. A programmable DMA controller transfers data to or from CPU Host memory and the Unified Buffer. 

Figure 2 shows the floor plan of the TPU die. The 24 MiB Unified Buffer is almost a third of the die and the Matrix 
Multiply Unit is a quarter, so the datapath is nearly two-thirds of the die. The 24 MiB size was picked in part to match the 
pitch of the Matrix Unit on the die and, given the short development schedule, in part to simplify the compiler (see Section 7). 
Control is just 2%. Figure 3 shows the TPU on its printed circuit card, which inserts into existing servers like an SATA disk. 

As instructions are sent over the relatively slow PCIe bus, TPU instructions follow the CISC tradition, including a repeat 
field. The average clock cycles per instruction (CPI) of these CISC instructions is typically 10 to 20. It has about a dozen 
instructions overall, but these five are the key ones: 

1. Read_Host_Memory reads data from the CPU host memory into the Unified Buffer (UB). 
2. Read_Weights reads weights from Weight Memory into the Weight FIFO as input to the Matrix Unit. 
3. MatrixMultiply/Convolve causes the Matrix Unit to perform a matrix multiply or a convolution from the 

Unified Buffer into the Accumulators. A matrix operation takes a variable-sized B*256 input, multiplies it by a 
256x256 constant weight input, and produces a B*256 output, taking B pipelined cycles to complete. 

3 
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Google’s TPU (v1)

Figure credit: Jouppi et al. 2017
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TPU area proportionality

 

Hence, the TPU is closer in spirit to an FPU (floating-point unit) coprocessor than it is to a GPU. 
 

 
 
Figure 1. TPU Block Diagram. The main computation part is the Figure 2. Floor Plan of TPU die. The shading follows Figure 1.  
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Systolic array
(matrix vector multiplication example: y=Wx)
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Systolic array
(matrix vector multiplication example: y=Wx)
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Systolic array
(matrix vector multiplication example: y=Wx)
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Systolic array
(matrix vector multiplication example: y=Wx)

PE PE PE PE

PE PE PE PE

PE PE PE PE

PE PE PE PE

Accumulators (32-bit)

+ + + +
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w01
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w13
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w22
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w30

w31

w32

w33

x2

x0 * w10 + 
x1 * w11 + 
x2 * w12 + 

x3
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x0 * w20 + 
x1 * w21

x0 * w30

x0 * w00 + 
x1 * w01 + 
x2 * w02 + 
x3 * w03 
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Systolic array
(matrix matrix multiplication example: Y=WX)

PE PE PE PE

PE PE PE PE

PE PE PE PE

PE PE PE PE

Accumulators (32-bit)

+ + + +

Weights FIFO

w00

w01

w02

w03

w10
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w13

w20

w21

w22

w23
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x00 * w20 + 
x01 * w21 + 
x02 * w22 + 
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x01

x00 * w20 + 
x01 * w21

x00 * w30

x00 * w00 + 
x01 * w01 + 
x02 * w02 + 
x03 * w03 

x12

x13

x11

x10

x10 * w00 + 
x11 * w01 + 
x12 * w02 + 

x21

x22

x31

x20x30

x30 * w00 x20 * w10 x10 * w20

x10 * w20 + 
x11 * w21

x20 * w00 + 
x21 * w01

Notice: need multiple 4x32bit 
accumulators to hold output columns
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Building larger matrix-matrix multiplies
Example: A = 8x8, B= 8x4096, C=8x4096
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Building larger matrix-matrix multiplies
Example: A = 8x8, B= 8x4096, C=8x4096
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Alternative scheduling strategies

(a) Weight Stationary

(b) Output Stationary

(c) No Local Reuse

Fig. 8. Dataflows for DNNs.
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PE 9 

Row 3 Row 5 

Row 3 

= * 

* * * 

* * * 
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Fig. 9. Row Stationary Dataflow [34].

that area is allocated to the global buffer to increase its
capacity (Fig. 8(c)). The trade-off is that there will be
increased traffic on the spatial array and to the global
buffer for all data types. Examples are found in [44–46].

• Row stationary (RS): In order to increase reuse of
all types of data (weights, pixels, partial sums), a row
stationary approach is proposed in [34]. A row of the filter
convolution remains stationary within a PE to exploit
1-D convolutional reuse within the PE. Multiple 1-D
rows are combined in the spatial array to exhaustively
exploit all convolutional reuse (Fig. 9), which reduces
accesses to the global buffer. Multiple 1-D rows from
different channels and filters are mapped to each PE to
reduce partial sum data movement and exploit filter reuse,
respectively. Finally, multiple passes across the spatial
array allow for additional image and filter reuse using the
global buffer. This dataflow is demonstrated in [47].

The dataflows are compared on a spatial array with the
same number of PEs (256), area cost and DNN (AlexNet).
Fig. 10 shows the energy consumption of each approach. The
row stationary approach is 1.4⇥ to 2.5⇥ more energy-efficient
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Fig. 10. Energy breakdown of dataflows [34].

than the other dataflows for the convolutional layers. This
is due to the fact that the energy of all types of data is
reduced. Furthermore, both the on-chip and off-chip energy is
considered.

VI. OPPORTUNITIES IN JOINT ALGORITHM AND
HARDWARE DESIGN

There is on-going research on modifying the machine
learning algorithms to make them more hardware-friendly while
maintaining accuracy; specifically, the focus is on reducing
computation, data movement and storage requirements.

A. Reduce Precision

The default size for programmable platforms such as
CPUs and GPUs is often 32 or 64 bits with floating-point
representation. While this remains the case for training, during
inference, it is possible to use a fixed-point representation and
substantially reduce the bitwidth for energy and area savings,
and increase in throughput. Retraining is typically required to
maintain accuracy when pushing the weights and features to
lower bitwidth.

In hand-crafted approaches, the bitwidth can be drastically
reduced to below 16-bits without impacting the accuracy. For
instance, in object detection using HOG, each 36-dimension
feature vector only requires 9-bit per dimension, and each
weight of the SVM uses only 4-bits [48]; for object detection
using deformable parts models (DPM) [49], only 11-bits are
required per feature vector and only 5-bits are required per
SVM weight [50].

Similarly for DNN inference, it is common to see accelerators
support 16-bit fixed point [45, 47]. There has been significant

TPU (v1) was “weight stationary”: 
weights kept in register at PE 
each PE gets di"erent pixel 
partial sum pushed through array (array has one output)

Figure credit: Sze et al. 2017

Psum = partial sum

“Output stationary”: 
each PE computes one output 
push input pixel through array 
each PE gets di"erent weight 
each PE accumulates locally into output

Takeaway: many DNN accelerators can be characterized by the data 
$ow of input activations, weights, and outputs through the machine.  

(Just di"erent “schedules”!)  
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Input stationary design (dense 1D conv example)
(matrix vector multiplication example: y=Wx)
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Summary
Today’s modern DNNs boil down to sequences of (ideally small) matrix multiplies 
Blocking/fusion critical to modern performance 
Accelerator hardware improves energy  
- in the form of special instructions (e.g., NVIDIA tensor core) 
- Or novel chips… (e.g., Google TPU) 
Next time we’ll talk a bit about the impacts of low-precision on e!ciency
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A few comments on projects
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Projects 
Team size 
- Teams of 2 (no questions asked) 
- Teams of 3-4 (possible, but need permission and a clear description of roles) 

Topics: must meet two requirements 
- You are really excited to work a lot on it 
- Can relate the key challenge to intellectual themes of the course 

Presentations on Tues/Wed of the last day of the quarter — times TBD


