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Abstract1
The study of biological vision and the creation of artificial vision systems are 
naturally intertwined – exploration of the neuronal substrates of visual pro-
cessing provides clues and inspiration for artificial systems, and artificial sys-
tems, in turn, serve as important generators of new ideas and working hy-
potheses. However, while systems neuroscience has provided inspiration for 
some of the "broad-stroke" properties of the visual system, much is still un-
known. Even for those qualitative properties that most biologically-inspired 
models share, experimental data currently provide little constraint on their 
key parameters. Consequently, it is  difficult to truly evaluate a set of compu-
tational ideas, since the performance of a model depends strongly on its par-
ticular instantiation – the size of the pooling kernels, the number of units per 
layer, exponents in normalization operations, etc.

To pave a way forward, we have developed a high-throughput approach to 
more expansively explore the possible range of biologically-inspired models, 
including models of larger, more realistic scale, leveraging recent advances in 
commodity stream processing hardware - particularly high-end NVIDIA 
GPUs. In analogy to high-throughput screening approaches in molecular bi-
ology and genetics, we generated and trained thousands of potential net-
work architectures and parameter instantiations, and "screened" the visual 
representations produced by these models using an object recognition task. 
From these candidate models, the most promising were selected for further 
analysis.

We show that this approach can yield significant, reproducible gains in per-
formance across an array of basic object recognition tasks, consistently out-
performing a variety of state-of-the-art purpose-built vision systems from 
the literature.  We further show that this approach can be used to find feature 
representations that achieve excellent performance across a variety of test 
sets, including the modern "Labeled Faces in the Wild" unconstrained face 
recognition benchmark and a new large-scale face set derived from the 
popular Facebook social networking website.

We also highlight how the application of flexible programming tools, such as 
high-level scripting, template meta-programming and auto-tuning, can 
enable large performance gains, while managing complexity for the devel-
oper. 
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Proof of concept: High-throughput  screening5

Best models on LFW and Facebook100 !6Metaprogramming3

A Vast space of models to explore2

Recipe:

1) Use scripting (e.g. Python), templates and PyCUDA,

2) Instrumentalize your code,

3) Let the computer auto-tune it!

Unsupervised Learning Test with a “screening”
object recognition task Validate on other tasksChoose the best modelsGenerate Random Models

Unsupervised Learning Screen Distribution

Law & Order “World”

Take home message:

GPU Metaprogramming  and 
Auto-tuning dramatically accelerates 
the discovery of bio-inspired vision 
models that beat state-of-the-art 
computer vision systems

Performance / Cost

Hardware

Relative Speedup 1x 80x4x 544x 222x 1544x 2712x

Relative Perf. / $ 1x 120x2x 272x 833x 772x 1356x

Full System Cost
(approx.) 

$1,500** $1,000$2,700** $3,000* $400 $3,000* $3,000*

Manufacturer Intel IntelIntel NVIDIA Sony, IBM, Toshiba NVIDIA NVIDIA

Model Q9450 Q9450Q9450 7900 GTX PlayStation 3 8800 GTX GTX 280

Year 2008 20082008 2006 2007 2007 2008

Implementation MATLAB SSE2MATLAB Cg Cell SDK CUDA CUDA

# cores used 1 44 4x96 2+6 4x128 4x240

CPUs GPUs

nu
m

be
r o

f m
od

el
s

50 60 70 80 90 100
0

50

100

150

200

250

N=2500

top 5 models

Percent Correct

• bio-inspired architecture
• 52 free parameters
• >10    models25 

Best Models

50

60

70

80

90

100

Pe
rc

en
t C

or
re

ct

top 5 models (screen)

5 4 3 2 1 blend

di�erent initial 
weights

50

100
di�erent 

videos

Cars 

vs.

Planes

• ~ 6000 HT-L2s (two-layers) and ~ 7000 HT-L3s (three-layers)

4 GPU performance

Validation
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Cars vs. Planes (validation)

Synthetic Faces MultiPIE Hybrid

v1-like
(control)

state-of-the-art
(from literature)

top 5 models
(high-throughput search)
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Boats vs. Animals

v1-like
(control)

state-of-the-art
(from literature)

top 5 models
(high-throughput search)

regular + blendSIFT GB PHOG PHOW SLF

v1-like
(control)

state-of-the-art
(from literature)

top 5 models
(high-throughput search)

SIFTregular + GB PHOG PHOW SLF blend

v1-like
(control)

state-of-the-art
(from literature)

top 5 models
(high-throughput search)

regular + blendSIFT GB PHOG PHOW SLF
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We discovered models that 
outperform the state-of-the-art
 in computer vision...
(object and face recognition)
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High-throughput Screening State-of-the-art Performance

LFW Challenge
(Face Veri�cation)

Facebook100
(Face Identi�cation)

• No unsupervised learning (random filters)

• Only 3 days of compute time on a 128-GPU Cluster (AC@NCSA)

• ~ 80% accuracy on Labeled Faces in the Wild (LFW) view 1

Pinto, Cox, DiCarlo (PLoS 2008)

Pinto, DiCarlo, Cox 
(ECCV2008, CVPR2009)

mad.rn.f32 $r4, s[$ofs3+0x0000], $r4, $r1
mov.b32 $r1, c0[$ofs2+0x0008]
mad.rn.f32 $r4, s[$ofs3+0x0008], $r1, $r4
mov.b32 $r1, c0[$ofs2+0x000c]
mad.rn.f32 $r4, s[$ofs3+0x000c], $r1, $r4
mov.b32 $r1, c0[$ofs2+0x0010]
mad.rn.f32 $r4, s[$ofs3+0x0010], $r1, $r4

version A

Faster?!version B
mad.rn.f32 $r1, s[$ofs1+0x007c], c0[$ofs1+0x0078], $r1
mad.rn.f32 $r1, s[$ofs2+0x0000], c0[$ofs2+0x007c], $r1
mad.rn.f32 $r1, s[$ofs2+0x0008], c0[$ofs2+0x0080], $r1
mad.rn.f32 $r1, s[$ofs2+0x000c], c0[$ofs2+0x0084], $r1
mad.rn.f32 $r1, s[$ofs2+0x0010], c0[$ofs2+0x0088], $r1

texture<float4, 1, cudaReadModeElementType> tex_float4;
__constant__ float constant[$FILTER_D][$FILTER_W][$N_FILTERS];

#define IMUL(a, b) __mul24(a, b)
extern "C" {

#for j in xrange($FILTER_H)

  __global__ void convolve_beta_j${j}(float4 *input, float4 *output)
  {

#set INPUT_BLOCK_W = $BLOCK_W+$FILTER_W-1
    __shared__ float shared_in[$INPUT_BLOCK_W][4+1];

    // -- input/output offsets
    const uint in_idx = (blockIdx.y+$j)*INPUT_W + blockIdx.x*blockDim.x + threadIdx.x;
    const uint out_idx = blockIdx.y*OUTPUT_W + blockIdx.x*blockDim.x + threadIdx.x;
    float4 input_v4;

    // -- load input to shared memory
#for i in xrange($LOAD_ITERATIONS)
#if $i==($LOAD_ITERATIONS-1)
    if((threadIdx.x+$BLOCK_W*$i)<$INPUT_BLOCK_W)
#end if
      {

input_v4 = tex1Dfetch(tex_float4, in_idx+$BLOCK_W*$i);
shared_in[threadIdx.x+$BLOCK_W*$i][0] = input_v4.x;
shared_in[threadIdx.x+$BLOCK_W*$i][1] = input_v4.y;
shared_in[threadIdx.x+$BLOCK_W*$i][2] = input_v4.z; ...

Cheetah Templating

#include <stdio.h>

texture<float4, 1, cudaReadModeElementType> tex_float4;
__constant__ float constant[4][4][4];

#define IMUL(a, b) __mul24(a, b)
extern "C" {

  __global__ void convolve_beta_j0(float4 *input, float4 *output)
  {

    __shared__ float shared_in[131][4+1];

    // -- input/output offsets
    const uint in_idx = (blockIdx.y+0)*INPUT_W + blockIdx.x*blockDim.x + threadIdx.x;
    const uint out_idx = blockIdx.y*OUTPUT_W + blockIdx.x*blockDim.x + threadIdx.x;
    float4 input_v4;

    // -- load input to shared memory
      {

input_v4 = tex1Dfetch(tex_float4, in_idx+128*0);
shared_in[threadIdx.x+128*0][0] = input_v4.x;
shared_in[threadIdx.x+128*0][1] = input_v4.y;
shared_in[threadIdx.x+128*0][2] = input_v4.z;
shared_in[threadIdx.x+128*0][3] = input_v4.w;

      }
    if((threadIdx.x+128*1)<131)
      {

input_v4 = tex1Dfetch(tex_float4, in_idx+128*1);
shared_in[threadIdx.x+128*1][0] = input_v4.x;
shared_in[threadIdx.x+128*1][1] = input_v4.y;
shared_in[threadIdx.x+128*1][2] = input_v4.z;
shared_in[threadIdx.x+128*1][3] = input_v4.w;

      }
    __syncthreads();

    // -- compute dot products
    float v, w;

    float sum0 = 0;
    float sum1 = 0;
    float sum2 = 0;
    float sum3 = 0;
    
    v = shared_in[threadIdx.x+0][0];
    w = constant[0][0][0];
    sum0 += v*w;
    w = constant[0][0][1];
    sum1 += v*w;
    w = constant[0][0][2];
    sum2 += v*w;
    w = constant[0][0][3];
    sum3 += v*w;
    v = shared_in[threadIdx.x+1][0];
    w = constant[0][1][0];
    sum0 += v*w;
    w = constant[0][1][1];
    sum1 += v*w;
    w = constant[0][1][2];
    sum2 += v*w;
    w = constant[0][1][3];
    sum3 += v*w;
    v = shared_in[threadIdx.x+2][0];
    w = constant[0][2][0];
    sum0 += v*w; ...

Kernel Template

Template 
Engine

Dynamically-Generated 
Kernel Code

JIT Frontend 

parameters

Auto-tuning
Framework

Hand-tuning / 
Experimentation

(Python/Cheetah) (PyCuda)

Driver API

performance benchmarks

NVCC

GPU / SDK Input Filter-bank Meta-prog
default (gflops)

Meta-prog
auto-tuned (gflops)

Boost

9600M GT
CUDA3.1

256x256x8 64x9x9x8 6.710 ± 0.005 36.584 ± 0.023 445.2 %
512x512x4 32x13x13x4 13.606 ± 0.002 35.582 ± 0.003 161.5 %

1024x1024x8 16x5x5x8 20.034 ± 0.113 26.084 ± 6.243 30.2 %
2048x2048x4 4x8x8x4 25.781 ± 0.044 46.945 ± 0.100 82.1 %

C1060
CUDA2.3

256x256x8 64x9x9x8 104.188 ± 0.051 168.083 ± 0.372 61.3 %
512x512x4 32x13x13x4 125.739 ± 0.109 234.053 ± 0.266 86.1 %

1024x1024x8 16x5x5x8 144.279 ± 0.764 243.697 ± 0.346 68.9 %
2048x2048x4 4x8x8x4 180.060 ± 0.018 322.328 ± 0.348 79.0 %

GTX285
CUDA2.3

256x256x8 64x9x9x8 123.396 ± 0.016 197.006 ± 0.219 59.7 %
512x512x4 32x13x13x4 143.277 ± 0.044 270.206 ± 0.209 88.6 %

1024x1024x8 16x5x5x8 148.841 ± 0.465 310.276 ± 0.538 108.5 %
2048x2048x4 4x8x8x4 205.152 ± 0.015 376.685 ± 0.070 83.6 %

GTX480
CUDA3.1

256x256x8 64x9x9x8 467.631 ± 19.100 471.902 ± 11.419 0.9 %
512x512x4 32x13x13x4 834.838 ± 8.275 974.266 ± 3.809 16.7 %

1024x1024x8 16x5x5x8 542.808 ± 1.135 614.019 ± 0.904 13.1 %
2048x2048x4 4x8x8x4 378.165 ± 0.537 806.628 ± 0.168 113.3 %Pi
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Read-out  (standard “back-end” classifier)

number of filters

kernel 

kernel 

number of filters

number of filters

Learning

kernel 

normalization

normalization

normalization

norm strengththresh/sat

norm strengththresh/sat

norm strengththresh/sat
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