Estimating the Entropy of Natural Scenes from Nearest Neighbors using CUDA
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Method thanks, PyCUDA!

When [ first started with CUDA, I was slowed down by the overhead
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Relative Dimensionality - 8x8 Natural Scenes

Summary

The poster provides an overview of nearest neighbor search for  Estimated Entropy - 8x8 Natural Scenes
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using CUDA from Python with PyCUDA.

nels, instead of keeping track of makefiles, with code generation and
compilation conveniently abstracted away.

Workflow for porting to the GPU:

entropy estimation of natural scenes. We report a 53 fold speed 1 2 1 — Gaussian of keeping track of different versions of kernel code and Makefiles and
increase between C and CUDA implementations of high dimen- 5% — Nsmean| found it difficult to traverse the parameter space of my kernels.
sional nearest neighbor search, and discuss the advantages of 530 PyCUDA [Kloeckner, 2009] let me concentrate on writing compute ker-
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Motivation

N

AN e write a trusted implementation (python)

Estimated Entropy (bits/pixel)

Dimensionality k,
S

e write a test suite that probes the input space and compares results
of trusted and GPU implementation:random input, different dimen-
sions, corner cases (nose)

Characterizing the statistics of
natural scenes is an important
area of vision research. For ex-
ample, the entropy of images pro-
vides a measure of the informa-
tion content available to the vi-
sual system and as such quanti-
fies the demands placed on neu-
ral information processing mecha-
nisms. From an applications per-
spective, entropy is the theoret-
ical limit of compression — the
lower bound on any compression
scheme. Recently, Chandler and
Field [2007] used an entropy estimation algorithm to binlessly estimate
the entropy of small patches of natural images from the distribution of
nearest-neighbor (NN) distances.

The approach described by Chandler and Field [2007] is limited by re-
quiring NN calculations of an exponentially growing set. We overcome

this limitation by porting the parallel brute force NN search to the GPU.
This enables us to perform more extensive entropy and fractal dimen-
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Figure 5: Estimated entropy for 8 x 8 image patches extracted from natural scenes.

All Possible Scenes
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e write a compute kernel (GPU implementation) that passes test suite

1. Create library of neighbor patches 2. Pick a target patch

x - SIS * 3

X(-Z) — =
min“X ) _x (J‘;)“‘/
n L,

3. Calculate Euclidean distance between
target and nearest neighbor as a
function of number of neighbors

18 . , , | e optimize parameters and feel secure when test suite passes (pycuda)
*x Note: 2'° is the largest number of neighbors used in previous work [Chandler

and Field, 2007]. We compute to 229 neighbors, as there are fewer than 220 non-
overlapping 8 x 8 patches in the van Hateren database.

e if performance satisfactory - done.

e clse - think of a different organization for memory usage and write a

new kernel

“Evolution” of my kernels (on 8800GTX):

The RD (Figure ba) has not converged to the intrinsic dimension (k = 64 for 8 x 8
patches, we do not have enough data to confidently estimate the entropy. As in

Chandler and Field [2007], we fit a curve to our RD data (Figure 6b).and using this
curve extrapolate our entropy estimate to 9300 samples (Figure 6a).

Fioure 1: How large is the space e shared memory (load and reduction) - 8x total speedup

of natural scenes?’ e more efficient reduction - 15x total speedup

Estimated Entropy - Extrapolated Relative Dimensionality - Extrapolated e texture instead of load from global memory - 25x total Speedup

e two textures interleaved - 30x total speedup (53x on GTX 295)
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Figure 2: Diagram of the method (Figure 1 in Chandler and Field [2007]).
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[t has been shown that the average log NN distance ( E[ logo D* | ) can be used
to estimate E|—logy p(x)] without estimating p(zx) [Kozachenko and Leonenko,
1987]. This binless approach has been proven to be consistent and asymptotically
unbiased.

Proximity Distribution (PD) :
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E| logy D* | as a function of the size of an
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sionality analyses on the van Hateren image database [van Hateren and exponentially growing set of neighbors. [Chandler and Field, 2007] e S I /A A S B — Gaussian o Implemented brute force NN search using PyCUDA.
van der Schaaf, 1998]. Relative Dimensionality (RD): negative reciprocal of the slope (first deriva- &, 1 | NS mean _ 53 faster than C
tive) of the PD [Chandler and Field, 2007]. The dimensionality data appear to lie NEEEEEREEERENTNERENNURARTNEE (A N — NSFit
Review in fOI' a given number Of SampleS. Converges tO lntrinsic (“fra}cta}l”) dlmension. 0 220 240 260 280 2100N3:T2‘]0be2;4gf alzoigﬁr;grgmo 2220 2240 2260 2280 2300 0 220 240 260 280 2100N3:T2‘]0be2;4gf alzoigﬁr;grgmo 2220 2240 2260 2280 2300 . Estimated entropy and dimensionality Of 8 >< 8 patches
: : a b using the entire van Hateren database.
Entropy is defined as : H(X) = — Z p(x)log, p(x) Verification o 6T t( ) Ltod ont Cate for 8 X 8 ; t(h) ¢ ciral | | . |
X Proximity Distributions - Gaussian white noise lgure b Lxtrapolated entropy estimate 1ot 6 x & 1Nage patches Ionl natural Scenes. o A chjeved 2.95 bits per pixel estimate for natural scenes.
Entropy provides: ol Method verified on data with known entropy. GPU d
vvvv P For Gaussian white noise, H (:E) _ % (10g2 7T€(72) bits. Sp ce U_p slightly higher than extrapolated estimate in Chandler and Field [2007].

—a measure of information
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From the Proximity Distribution curves (Figure 3), e Calculation for 218 neighbors takes ~ 3 hours on CPU
HENREE S SuaNy we can estimate the entropy (Figure 4&) and dimension-

. . e We achieve the same in 6 minutes on a 8800GTX
Pl ality (Figure 4b) of our data set. , ,
B 8 T T 0 O . | o — (4 minutes on GTX 295 with no code changes)
| When the relative dimensionality curve converges on os
the intrinsic dimensionality of the data (k = 16 for 4 x4 ® One 2% neighbor run would take 16 days on CPU
e Same was done in 12 hours 48 minutes on 8800GTX

patches), we have sampled enough data to accurately
estimate the entropy. — (7 hours 40 minutes on GTX 295 with no code changes)
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—the uncertainty of a random variable

£

—the number of bits needed to describe a random variable
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Average Log Nearest-Neighbor Distance

Another useful interpretation: H(X) = E [— logy p(z)]

For data with a small number of discrete states, entropy can be
estimated by binning the data samples and using this empirical
distribution as the joint probability p(x). However, the binning
approach quickly becomes computationally intractable for high
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Figure 3: Proximity Distributions .
C implementation ran on 2.4 GHz Intel Core2 Quad CPU (Q6600) (using one core).

All comparisons use 4096 target patches. Each patch is 64 dimensional (8 x 8). URL

Andreas 20009.

PyCUDA,

Estimated Entropy - Gaussian white noise elative Dimensionality - Gaussian white noise

dimensional data. Consider the case of image patches of pixels e o |4 _ e N| pyCUDA| pyCUDA| C speedup | speedup http://mathema.tician.de/software/pycuda.
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Even for the modest case of 2 x 2 patches, the number of bins W | R N g 262144 8.036 s 4.508 s1242.13 s 30.13 53.79
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estimate of the joint probability is even larger. The number of
bins required for 6 x 6 image patches exceeds the number of
atoms in the observable universe (10%1).
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Figure 4: Estimated entropy (a) converges to the analytic result as the relative dimensionality

(b)

(b) approaches the intrinsic dimension (gray line).

Table 1: Speed Comparison Chart.
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