New Methods for Matching Pursuit Video Compression by Ralph A. Neff

B.S. (University of Illinois at Urbana-Champaign) 1992 M.S. (University of California at Berkeley) 1994

A dissertation submitted in partial satisfaction of the requirements for the degree of Doctor of Philosophy in Electrical Engineering in the GRADUATE DIVISION of the UNIVERSITY of CALIFORNIA at BERKELEY

Committee in charge:

Professor Avideh Zakhor, Chair Professor Kannan Ramchandran Professor Stanley Klein Fall 2000

The dissertation of Ralph A. Neff is approved:

Chair Date

Date

Date

University of California at Berkeley

Fall 2000

New Methods for Matching Pursuit Video Compression

Copyright Fall 2000 by Ralph A. Neff

Abstract

New Methods for Matching Pursuit Video Compression by Ralph A. Neff Doctor of Philosophy in Electrical Engineering University of California at Berkeley Professor Avideh Zakhor, Chair

Matching pursuit is a greedy method for generating a sparse signal representation on an overcomplete dictionary. The method has been successfully applied to video compression, where matching pursuit has been shown to outperform standardized DCT-based codecs in terms of peak signal-to-noise ratio (PSNR) and visual quality. Such quality improvements typically come with an increased encoder complexity cost. However, the decoder complexity of matching pursuit may be less than that of DCT, particularly at low bit rates when DCT-based systems require postfiltering for artifact reduction.

In this thesis, we introduce new methods for matching pursuit video compression which both examine and improve the achievable tradeoffs between complexity and coding efficiency. Such tradeoffs are greatly affected by the design and implementation of the dictionary used for matching pursuit. We thus develop a new method called Dictionary Approximation, which automatically generates fast approximate implementations of arbitrary initial dictionaries. In addition to reducing the encoder complexity, the approximation method enables a systematic tradeoff between coding quality and complexity at a given bit rate. It also frees the dictionary design process from initial constraints, which are usually imposed because of complexity considerations.

We also develop new methods for modulus quantization. Early matching pursuit video compression algorithms used a fixed quantizer design which restricted performance at high bit rates. In this work, we introduce an adaptive quantization scheme which seeks to minimize the per-frame distortion for a target bit rate. The result is a 2-pass matching pursuit algorithm which improves coding efficiency, especially at high rates. We also show a 1-pass approximation which preserves most of the coding efficiency gains of the 2-pass system, but does not increase complexity beyond that of the original fixed quantizer design.

Finally, we introduce models which predict the rate-distortion relationship of the matching pursuit video encoder. Such models serve two purposes. First, development of the models gives added insight into the matching pursuit decomposition process. Second, the models may be used to reduce the complexity of rate-distortion based encoder optimization. We evaluate the models in this context, and derive the model-based complexity reductions for several optimization methods from the literature. The results suggest that our models have sufficient prediction accuracy to be used for such optimization, and that significant complexity reductions could be achieved.

Professor Avideh Zakhor Dissertation Committee Chair

For God,

Tanya,

and my parents

Contents

List of Figures v

List of Tables xii

1 Introduction 1 1.1 Overcomplete Signal Representation . . . . . . . . . . . . . . . . . . . . . . 1 1.2 Matching Pursuit and Applications . . . . . . . . . . . . . . . . . . . . . . . 4 1.3 Outline of Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 1.4 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 The Matching Pursuit Video Encoder 12 2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12 2.2 Matching Pursuit Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14 2.3 System Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 2.3.1 Motion Compensation . . . . . . . . . . . . . . . . . . . . . . . . . . 17 2.3.2 Matching-Pursuit Residual Coding . . . . . . . . . . . . . . . . . . . 19 2.3.3 Rate Control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33 2.3.4 Intraframe Coding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38 2.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39 2.4.1 Objective Quality Comparison . . . . . . . . . . . . . . . . . . . . . 41 2.4.2 Visual Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45 2.4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52 2.4.4 Spatial Bit Allocation . . . . . . . . . . . . . . . . . . . . . . . . . . 54 2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3 Decoder Issues 58 3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59 3.2 Decoder Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60 3.2.1 Matching Pursuit Decoder Complexity . . . . . . . . . . . . . . . . . 61 3.2.2 Inverse DCT Complexity . . . . . . . . . . . . . . . . . . . . . . . . 61 3.2.3 Motion Decoder Complexity . . . . . . . . . . . . . . . . . . . . . . . 62 3.2.4 DCT Post Processing . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63 3.4 Decoder Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64 3.5 Coding Efficiency . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67 3.6 Integer Matching Pursuit . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73 3.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4 Adaptive Modulus Quantization 81 4.1 Fixed Quantizer Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83 4.1.1 Restriction for a general fixed quantizer . . . . . . . . . . . . . . . . 86 4.1.2 Modified fixed quantizer design . . . . . . . . . . . . . . . . . . . . . 88 4.2 Optimal Adaptive Quantization . . . . . . . . . . . . . . . . . . . . . . . . . 91 4.2.1 Adaptive Dead Zone Subtraction . . . . . . . . . . . . . . . . . . . . 92 4.2.2 Optimal Quantizer for the M.P. System . . . . . . . . . . . . . . . . 99 4.2.3 Optimal Stepsize . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106 4.2.4 Centroid Reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . 111 4.3 Single-Pass Adaptive Solution . . . . . . . . . . . . . . . . . . . . . . . . . . 113 4.4 Comparison of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117 4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

5 Models for Rate Distortion Prediction 123 5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123 5.2 Models and their application . . . . . . . . . . . . . . . . . . . . . . . . . . 126 5.2.1 (R, D) Based Optimization Methods . . . . . . . . . . . . . . . . . . 126 5.2.2 Models for (R, D) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145 5.2.3 The Matching Pursuit Case . . . . . . . . . . . . . . . . . . . . . . . 151 5.3 The Full Pre-Code Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166 5.3.1 Distortion Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167 5.3.2 Rate Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178 5.3.3 Prediction Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181 5.4 Reduced Complexity Pre-Code Models . . . . . . . . . . . . . . . . . . . . . 194 5.4.1 Reduced Pre-Code Distortion Model . . . . . . . . . . . . . . . . . . 196 5.4.2 Reduced Complexity Rate Model . . . . . . . . . . . . . . . . . . . . 214 5.5 Evaluation of models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 217 5.5.1 Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218 5.5.2 Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 230 5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 236

6 Dictionary Approximation 239 6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 240 6.2 Review of previous work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242 6.2.1 Our original dictionary . . . . . . . . . . . . . . . . . . . . . . . . . . 242 6.2.2 Other dictionaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . 244 6.2.3 Fast 2-Stage Implementation . . . . . . . . . . . . . . . . . . . . . . 245 6.3 Dictionary Approximation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 250 6.3.1 Overview of method . . . . . . . . . . . . . . . . . . . . . . . . . . . 250

6.3.2 Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 254 6.3.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 264 6.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272 6.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 280

7 Conclusions 283

Bibliography 287

List of Figures

2.1 (a) Block diagram of encoder. (b) Decoder. . . . . . . . . . . . . . . . . . . 17 2.2 The 2-D separable Gabor dictionary. . . . . . . . . . . . . . . . . . . . . . 22 2.3 Inner product search procedure. (a) Partitioning of the image into energy blocks. (b) Weighted find energy determines initial estimate for atom location. (c) Exhaustive inner product search performed in S × S window in order to select the next atom. . . . . . . . . . . . . . . . . . . . . . . . . . 25 2.4 Atom decomposition of Hall, frame 50. (a) Motion residual image. (b) First 5 coded atoms. (c) First 15 coded atoms. (d) First 30 coded atoms. (e) All 64 coded atoms. (f) Final coding error. (g) Reconstructed image. (h) Same frame coded by H.263. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28 2.5 Separable computation of a 2-D inner product. . . . . . . . . . . . . . . . . 31 2.6 The separable inner product search algorithm. . . . . . . . . . . . . . . . . 32 2.7 An illustration of matching pursuit rate control techniques. Each pair of plots reflects the Mom-24 sequence encoded using a different simple rate control scheme. (a) Constant bit rate per frame. (b) Constant Y-PSNR. (c) Matching an arbitrary bit rate trace. (d) Matching an arbitrary PSNR trace. 37 2.8 Plots of Y-PSNR vs. frame for sample test sequences. Matching pursuit is compared to both MPEG-4 video and H.263+. . . . . . . . . . . . . . . . . 46 2.9 Frame 80 of Mother at 24 kbit/s. (a) Original image. (b) DCT-coded with H.263+. (c) DCT-coded with MPEG-4 Video. (d) Matching pursuit coded. 48 2.10 Frame 120 of Foreman at 112 kbit/s. (a) Original image. (b) DCT-coded with H.263+. (c) DCT-coded with MPEG-4 Video. (d) Matching pursuit coded. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49 2.11 Frame 200 of Mobile at 1 Mbit/s. (a) Original image. (b) DCT-coded with H.263+. (b) DCT-coded with MPEG-4 Video. (c) Matching pursuit coded. 50 2.12 (a) Standard initialization of block counters A_j for weighted energy search.

(b) Modified counter initialization allows region of interest coding. . . . . . 55 2.13 Sample result for matching pursuit region of interest (ROI) coding using frame 26 of Foreman encoded at 112 kbit/s. (a) Standard counter initialization. (b) Counters for blocks outside ROI initialized using a = 9. . . . . . 56

3.1 Comparison of total decoder complexity. . . . . . . . . . . . . . . . . . . . 67

3.2 Frame 50 of Container Ship coded at 10 kbit/s. (a) DCT-based MPEG-4 VM. (b) MPEG-4 VM with postfiltering. (c) Matching Pursuit. . . . . . . 71 3.3 Frame 100 of Coast Guard coded at 112 kbit/s. (a) DCT-based MPEG-4 VM. (b) MPEG-4 VM with postfiltering. (c) Matching Pursuit. . . . . . . 72 3.4 Blockwise atom summation allows reduction in the size of the atom pasting buffer. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76 3.5 Clipping strategy for a 9-bit summation buffer. . . . . . . . . . . . . . . . 78

4.1 Simple midtread linear symmetric quantizer with fixed stepsize QP = 30, used in previously published M.P. systems. . . . . . . . . . . . . . . . . . . 84 4.2 Matching pursuit decomposition of first residual frame of the Stefan sequence.

(a) Remaining signal energy vs. iteration. (b) Absolute modulus vs. iteration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86 4.3 Two dimensional vector representation of a single quantized matching pursuit stage, used in the proof of Equation (4.3). . . . . . . . . . . . . . . . . . . 87 4.4 (a) Remaining signal energy before and after the current stage as a function of Q(p_i)/p_i. Positive energy reduction requires Q(p_i) ∈ [0, 2p_i]. (b) Modification of the fixed quantizer design. Original dead zone has been divided into several additional quantization bins. . . . . . . . . . . . . . . . . . . . 89 4.5 Modulus distribution for a single frame of Stefan (SIF) coded at about 3 Mbit/s. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93 4.6 Absolute modulus distributions for single matching pursuit residual frames coded sequentially without quantization. (a) Sequences coded without DZsubtraction. (b) Same sequences with framewise DZ-subtraction. Note the number of atoms per frame match the standard MPEG-4 sequence runs of Mother at 24 kbit/s, News at 112 kbit/s, and Stefan at 1 Mbit/s. . . . . . 94 4.7 Combined modulus distributions for each of three MPEG-4 test rate categories. (a) Separate distribution curves for each sequence in the given bit rate category. Solid lines show runs with DZ-subtraction. Dotted lines show runs without DZ-subtraction. (b) Combined distribution curve for all sequences in the given rate category. . . . . . . . . . . . . . . . . . . . . . . . . . . . 96 4.8 Modulus distributions combined across all MPEG-4 sequences and rates.

Enough coded frames were taken to provide approximately 3000 atoms from each of the five bit rate categories (10, 24, 48, 112, and 1024 Kbit/s). (a) Without dead-zone subtraction. (b) With frame-wise dead zone subtraction. Dotted line shows best exponential fit. . . . . . . . . . . . . . . . . . . . . 97 4.9 The effect of in-loop quantization on the absolute modulus distribution for single coded frames. (a) Mother QCIF at 72 kbit/s. (b) Stefan SIF at 3 Mbit/s. Three different quantizers with progressively larger stepsize to deadzone ratios are used for each frame. . . . . . . . . . . . . . . . . . . . 98 4.10 Abstraction of the encoder, showing relation between overall rate and distortion (R,D) and that of the internal modulus quantizer (r,d). . . . . . . . . 100 4.11 Definition of quantizer Q(·), which combines DZ-subtraction and quantization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

4.12 Bit rates used to code a set number of atoms as quantizer stepsize QP changes. Total rate R_{atm} changes with QP, while the rate excluding quantization R_{atm} − R_Q stays approximately constant. Sample coded frames are from: (a) Container QCIF coded to 110 atoms, (b) Foreman CIF coded to 735 atoms, and (c) Stefan SIF coded to 1419 atoms. . . . . . . . . . . . . . 103 4.13 Overall image distortion D plotted against mean square distortion of the modulus quantizer d for various quantization stepsizes. Conditions shown are: (a) Container QCIF coded to 110 atoms, (b) Foreman CIF coded to 735 atoms, and (c) Stefan SIF coded to 1419 atoms. . . . . . . . . . . . . . . . 104 4.14 Basic 2-pass adaptive quantization algorithm for the matching pursuit system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108 4.15 Search for best quantizer step QP for single coded frames. Overall image distortion D is plotted against quantization step QP for the 2-pass algorithm. (a) Container QCIF coded to 24 kbit/s, (b) Foreman CIF coded to 336 kbit/s, and (c) Stefan SIF coded to 1 Mbit/s. . . . . . . . . . . . . . . . . . . . . . 108 4.16 Search for best ratio QP/DZ for single coded frames. Overall image distortion D is plotted against quantization step QP for the 2-pass algorithm. (a) Container QCIF coded to 24 kbit/s, (b) Foreman CIF coded to 336 kbit/s, and (c) Stefan SIF coded to 1 Mbit/s. . . . . . . . . . . . . . . . . . . . . . 109 4.17 (a) Justification of the energy correction for DZ prediction. Horizontal axis shows ratio of current to previous frame DZ values as found by the full 2-pass adaptive algorithm. Vertical axis shows ratio of current to previous frame residual energy before atom coding. (b) Absolute error in predicting DZ_k for each frame of Mother at 24 kbit/s. Dotted line shows error for simple prediction. Solid line shows reduced error when energy corrected prediction is used. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115 4.18 The 1-pass adaptive quantization algorithm for the matching pursuit system. 116 4.19 Average Y-PSNR gains over ShiftVLC for the 1-Pass and 2-Pass algorithms.

See Table 1.2 for sequence indices. . . . . . . . . . . . . . . . . . . . . . . . 119 4.20 Average Y-PSNR gains over ShiftVLC for five sequences at various bit rates. 120 4.21 Luminance PSNR vs. frame for four sample sequences at standard MPEG4 test rates. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121 4.22 Luminance PSNR vs. frame for four sample sequences at higher bit rates. 122

5.1 An overview of (R, D) based optimization. The large box represents the optimization method, which relies on sampled (R_k, D_k) points in order to solve for the optimal control parameters {σ_{k,opt}}. The samples may be exactly computed or may be generated by a reduced complexity (R, D) model. . . 132 5.2 Trellis optimization used in the method of Hsu, et.al. [29]. The extension of node (a3) to the next stage is highlighted. Filled diamonds show resulting buffer fullness levels before state quantization, and each results from a different choice of control parameter σ_4. . . . . . . . . . . . . . . . . . . . . 138 5.3 Simple example of a dependency tree in traditional form. Full expansion of the {I/B_1/B_2/P } frame grouping is shown with C = 2 control parameter choices per frame. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

5.4 Compact notation for multiple frame intstances on one level of a dependency tree. (a) An I-frame node with a frame instances, each coded using a different control parameter σ. Of these, b are non-terminal and connect to the next level of the tree. (b) A P-frame node with a frame instances, all of which are terminal. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141 5.5 Compact graphical representations for the simple dependency tree shown in Figure 5.3. (a) New representation with fanned branches. (b) Folded-branch representation of the same dependency tree. . . . . . . . . . . . . . . . . . 142 5.6 Dependency tree representations for three (R, D) optimization methods. (a) Ramchandran, et.al [54]. (b) Chen and Lin [8]. (c) Lin and Ortega [39]. . . 145 5.7 Transition between quantized states for the dynamic programming solution to optimal bit-allocation. (a) The DCT case. Paths arrive randomly in bin s3 and are merged by the minimum distortion criterion. Bin size is limited by rate disparity across the bin. (b) The matching pursuit case. Candidate rates chosen to target each state. Rate disparity is limited, allowing larger state separation and fewer states. . . . . . . . . . . . . . . . . . . . . . . . 155 5.8 Data given by initial decomposition of current frame ⃗f using operating point {Q(·), N}. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167 5.9 Illustration of distortion contributions for encoding a single frame of Mobile at approximately 1 Mbit/s. Quantizers Q(·) and Q^′(·) have QP to DZ ratio values of 0.6 and 1.0 respectively. (a) p^2 distortion contributions ρ_i and ρ^′_i. (b) d^2 distortion contributions δ_i and δ^′_i. (c) Δρ_i = ρ^′_i − ρ_i. (d) Δδ_i = δ^′_i − δ_i. (e) Distortion D_i and D^′_i resulting from quantizers Q(·) and Q^′(·) respectively. 171 5.10 Illustration of a simple distortion model with p^2 distortion contribution ignored. (a) Real and predicted change in p^2 contribution Δρ_i. (b) Real and predicted change in d^2 contribution Δδ_i. (c) Pass 1 distortion D_i compared to real and predicted values of Pass 2 distortion D^′_i. (d) Absolute prediction error. (e) Percent differential relative prediction error, e_{|D}′_{−D|}. (e) Percent Relative prediction error, e_{|D}′_|. . . . . . . . . . . . . . . . . . . . . . . . . . 173 5.11 Summary of the Full Pre-Code distortion model. . . . . . . . . . . . . . . . 177 5.12 Illustration of the full distortion model with both p^2 and d^2 distortion contributions. (a) Real and predicted change in p^2 contribution Δρ_i. (b) Real and predicted change in d^2 contribution Δδ_i. (c) Pass 1 distortion D_i compared to real and predicted values of Pass 2 distortion D^′_i. (d) Absolute prediction error. (e) Percent differential relative prediction error, e_{|D}′_{−D|}. (e) Percent relative prediction error, e_{|D}′_|. . . . . . . . . . . . . . . . . . . . . . . . . . 179 5.13 Summary of the Full Pre-Code rate model. . . . . . . . . . . . . . . . . . . 181 5.14 Distortion prediction results for sample frames from three sequences with quantizer ratio change 0.6 → 1.0. . . . . . . . . . . . . . . . . . . . . . . . 185 5.15 Percentage relative error for the prediction experiments of the previous figure.

(a) Error relative to the distortion difference |D^′ − D|. (b) Error relative to absolute distortion |D^′|. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

5.16 Rate prediction results for sample frames from three sequences with quantizer ratio change 0.6 → 1.0. Rates shown are for encoding the first i atoms, with motion and header bit rates ignored. . . . . . . . . . . . . . . . . . . . . . 188 5.17 Quantizer rate and distortion (r, d) performance for four sample frames over a wide range of prediction quantizers Q^′(·). In each case, the reference run uses quantizer Q(·) defined using RATIO = 1.0. The (r, d) point for the reference run is shown as (*) in each plot. . . . . . . . . . . . . . . . . . . 193 5.18 Overall rate and distortion (R, D) performance for the same four sample frames using the same prediction quantizers as in the previous figure. In each case, the reference quantizer Q(·) defined using RATIO = 1.0. The (R, D) point for the reference run is shown as (*) in each plot. . . . . . . . 195 5.19 Distortion D_i vs. atom number i for two successive frames of the same sequence. Encoding based on the 2-pass quantization method of the previous chapter. (a) Foreman 48, frames 8-9. (b) News 112, frames 4-5. (c) Silent 24, frames 5-6. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199 5.20 Reduced complexity dictionary sets. These are subsets of the full dictionary, which is shown in Figure 2.2. . . . . . . . . . . . . . . . . . . . . . . . . . . 201 5.21 Distortion curves D_i produced by both the full Gabor dictionary (FullMP) and the various reduced dictionaries. Three successive frames of Mother at 24 kbit/s are shown. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 204 5.22 Simple ratio mappings overlaid for successive frames of Mother coded at 24 kbit/s. (a) Mapping Red0 → FullMP for frames {5, 6, 7}. (b) Mapping Red3 → FullMP for same three frames. . . . . . . . . . . . . . . . . . . . . . . . 205 5.23 Illustration of D_i prediction with reduced complexity pre-coding methods on Mother at 24 kbit/s. D_i of Frame-7 is predicted from reduced dictionary pass via Frame-6 mapping. (a) Prediction using Red0 dictionary. (b) Prediction using smaller Red3 dictionary. (c) Comparison of error in predicted D_i. . . 206 5.24 An illustration of the hybrid model extension. Frame 7 of Mother at 24 kbit/s is predicted using the Red3 dictionary set. (a) Original mapping functions. (b) Previous mapping corrected with a = 5 full dictionary atoms. (c) Previous mapping corrected with a = 20. The (*) symbol denotes the anchor point in each case. . . . . . . . . . . . . . . . . . . . . . . . . . . . 209 5.25 Improvement in accuracy due to the hybrid prediction model. Original Red3 prediction is compared to the hybrid model with anchor point set at a1 and a2. Full Pre-Code prediction is also shown. Results are shown for 9 frames encoded using the 2-pass quantizer encoder. . . . . . . . . . . . . . . . . . 213 5.26 Complexity vs. Accuracy tradeoffs, averaged across all sequences in a bit rate category. Full Pre-Code method is (*). Other symbols show Reduced Pre- Code models. Connecting lines show the Hybrid Model tradeoffs achieved as additional full dictionary atoms are added. . . . . . . . . . . . . . . . . . . 215 5.27 A map of cases to be considered for modeled (R, D) complexity analysis.

Twelve possible combinations of optimization method and quantizer design type are organized into five enumerated cases which are each considered separately. Both model classes must be considered for each case. . . . . . . . 219

5.28 Average Relative-Error Comparison. . . . . . . . . . . . . . . . . . . . . . . 235

6.1 Basis design paradigms for matching pursuit. (a) Old paradigm based on initial computational restrictions. (b) New paradigm enabled by dictionary approximation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 241 6.2 The 2-D separable Gabor dictionary. . . . . . . . . . . . . . . . . . . . . . 243 6.3 A two-stage filtering structure used by Redmill, et.al., for efficient implementation of a nonseparable dictionary. . . . . . . . . . . . . . . . . . . . . . . 246 6.4 A summary of the generation algorithm. . . . . . . . . . . . . . . . . . . . 253 6.5 The two stages of dictionary approximation. (a) Generation of the approximated dictionary, T_q. (b) Implementation of a fast 2-stage matching pursuit encoder which uses dictionary T_q. . . . . . . . . . . . . . . . . . . . . . . . 254 6.6 Implementation of elementary dictionary S. (a) Definition of the simple 1-D filters. (b) Cascade filterbank in which the 1-D filters are applied in order to compute the elementary inner products. Trivial filtering operations are shaded. (c) Effective 2-D elementary dictionary. . . . . . . . . . . . . . . . 257 6.7 Oriented Gabor functions added to expand the original 2-D Gabor library shown in Figure 6.2. (a) Functions added at multiples of 30 degrees to form the “h30” set. (b) Functions added at multiples of 45 degrees to form the “h45” set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 260 6.8 Number of construction atoms (catoms) per approximated target as a function of D(q). Each subplot shows a different original dictionary. Generation is done using various combinations of orthogonal matching pursuit (OMP), dependency, and target ordering. . . . . . . . . . . . . . . . . . . . . . . . 262 6.9 Number of approximated dictionary functions B_q remaining after the merging step, as a function of target distortion D(q). . . . . . . . . . . . . . . . . . 263 6.10 Some sample approximated functions from the “h30” dictionary. . . . . . . 264 6.11 Procedure used at implementation to encode each motion residual. Steps which result in significant complexity are labeled in the right column. . . . 265 6.12 An illustration of target range expansion. (a) Spatial contributions to v_1(x, y).

(b) Spatial contributions to v_2(x, y). (c) Expansion of v_1 range required for computation of an S × S region of v_2. . . . . . . . . . . . . . . . . . . . . . 268 6.13 Interconnect complexity Γ(F A) as a function of D(q). . . . . . . . . . . . . 269 6.14 Estimated elementary update complexity Γ(EU) as a function of D(q). Values are computed assuming all targets in T_q are equally likely to be selected as coded atoms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 271 6.15 Encoding results for “std” dictionary approximated to various distortion levels D(q). (a) Average Y-PSNR for original and approximated dictionaries. (b) Complexity of approximate dictionary implementations measured as average operation count per frame. . . . . . . . . . . . . . . . . . . . . . . . . 275 6.16 Loss in Y-PSNR due to approximation error plotted directly against speedup factor. (a) Coding results using the “std” dictionary. (b) Results using “h30” dictionary. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 276

6.17 Direct comparison of Y-PSNR vs. complexity between approximations of “std” and “h30” dictionaries. Data points for each curve represent D(q) ranging from 0.1 to 0.8 increasing from right to left. . . . . . . . . . . . . . 279 6.18 Visual encoding results for frame 130 of Foreman at 112 kbit/s. (a) Original image. (b) Encoded using “std” dictionary. (c) Using “h30” dictionary. (d) Using “h30” dictionary approximated with D(q) = 0.1. (e) Using “h30” dictionary approximated with D(q) = 0.3. (f) Using “h30” dictionary approximated with D(q) = 0.6. . . . . . . . . . . . . . . . . . . . . . . . . . . 281

List of Tables

1.1 Summary of Notation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10 1.2 Standard MPEG-4 Test Sequences . . . . . . . . . . . . . . . . . . . . . . . 11

2.1 Dictionary triples and associated extents L which define the 1-D Gabor components of our 2-D separable dictionary. . . . . . . . . . . . . . . . . . . . 21 2.2 Heuristic weights used for improved “Find Energy” search. . . . . . . . . . 25 2.3 Parameters which define an atom . . . . . . . . . . . . . . . . . . . . . . . 26 2.4 Average bit rates and DCT quantizer step sizes for each coded sequence. The final two columns show the percentage difference in rate between matching pursuit and each DCT-based encoder. . . . . . . . . . . . . . . . . . . . . . 42 2.5 Luminance PSNR (Y-PSNR) comparison between MPEG-4 video, H.263+, and matching pursuit. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43 2.6 U-PSNR comparison between MPEG-4 video, H.263+, and matching pursuit. 44 2.7 V-PSNR comparison between MPEG-4 video, H.263+, and matching pursuit. 44

3.1 IDCT complexity as a function of the number of coefficients. . . . . . . . . 62 3.2 Itemized Decoder Complexity (Ops per frame) . . . . . . . . . . . . . . . . 65 3.3 Total Decoder Complexity Per Frame . . . . . . . . . . . . . . . . . . . . . 66 3.4 IPROF analysis (millions of instructions) . . . . . . . . . . . . . . . . . . . 68 3.5 Comparison of Luminance PSNR (dB). Matching pursuit matches the bit rate of the postfiltered VM run at every frame. . . . . . . . . . . . . . . . . 69 3.6 Comparison of average bit rate. Matching pursuit matches PSNR of the MPEG-4 VM at every frame. . . . . . . . . . . . . . . . . . . . . . . . . . . 70 3.7 Maximum overflow and underflow in final summation result. . . . . . . . . 78 3.8 Y-PSNR (dB) - Float vs. Integer M.P. . . . . . . . . . . . . . . . . . . . . 78

4.1 Variable Length Code (VLC) mappings for NewVLC and ShiftVLC coding schemes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91 4.2 Average modulus VLC cost and modulus bits as a percentage of total atom bits. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.3 Search for best ratio QP/DZ for single coded frames. Sample frames coded at one and three times the standard MPEG test bit rate. Optimal ratio value and resulting PSNR are shown for each of 32 test points. . . . . . . . . . . 110 4.4 Performance loss for same 32 sample frames using constant ratio values of 0.6 and 1.0. PSNR differences are relative to the best ratio found using linear search. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111 4.5 Performance gain for centroid reconstruction over midpoint reconstruction. 113 4.6 Average Luminance PSNR for the standard MPEG4 sequences and rates. . 118 4.7 Average Luminance PSNR for ascending bit rates. . . . . . . . . . . . . . . 120

5.1 Exact (R, D) generation complexities for the three optimization methods covered by the dependency tree framework. Each entry is the total number of encoding passes per frame grouping required for the (R, D) farming task. Where applicable, C is the number of control parameters considered per frame. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161 5.2 Exact (R, D) generation complexity for the optimization method of Hsu, et.al. [29]. The optimization is done over M frames using S quantized buffer fullness states. Each frame is coded with C choices of control parameter σ. Each complexity entry is the total number of encoding passes per dependency iteration required for the (R, D) farming task. . . . . . . . . . . . . . . . . 162 5.3 Table of distortion prediction results for sample frames from each of the standard MPEG-4 test sequences. . . . . . . . . . . . . . . . . . . . . . . . 186 5.4 Table of rate prediction results for sample frames from each of the standard MPEG-4 test sequences. Percent error compares predicted rate R̂^′_{atm} to actual rate R^′_{atm}. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190 5.5 Definition of reduced complexity dictionary sets as subsets of the full Gabor dictionary. An ’X’ indicates that the 1-D basis is retained in a particular reduced set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200 5.6 Relative complexity of the full and reduced Gabor dictionaries. . . . . . . 202 5.7 Average % relative prediction error. . . . . . . . . . . . . . . . . . . . . . . 211 5.8 Maximum % relative prediction error. . . . . . . . . . . . . . . . . . . . . . 211 5.9 Results from the simple rate prediction model. . . . . . . . . . . . . . . . . 217 5.10 A summary of the “useful” combinations of optimization method, quantizer design type, and (R, D) model class as revealed by complexity analysis of the various cases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 228 5.11 Comparison of exact and modeled (R, D) generation complexity for the three optimization methods covered by the dependency tree framework. Each entry is the number of encoding passes per frame grouping required for (R, D) farming. Where applicable, C is the number of control parameters considered per frame, and β is the complexity reduction factor for the reduced dictionary set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 229

5.12 Comparison of exact and modeled (R, D) generation complexity for the optimization method of Hsu, et.al. [29]. The optimization is done over M frames using S quantized buffer fullness states. Each frame is coded with C choices of control parameter σ. Each complexity entry is the total number of encoding passes per dependency iteration required for the (R, D) farming task. . 230 5.13 Model-based complexity reduction factors for the various combinations of optimization method and quantizer design. Reasonable values of C = 12 and S = 20 are assumed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231

6.1 Sources of complexity for the fast 2-stage implementation. . . . . . . . . . 249 6.2 Initial filtering complexity Γ(IF ) for typical frame sizes. The right column shows average complexity per computed elementary inner product. . . . . 266 6.3 Average luminance PSNR for each sequence encoded using each original dictionary without approximation. . . . . . . . . . . . . . . . . . . . . . . . . 273 6.4 Speedup factors attainable for approximation loss threshholds of 0.1 and 0.25 dB. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 277

Acknowledgements I was able to complete the work in this volume only because of support from many family members, friends, and colleagues. My parents are as always a constant source of love and encouragement. Ray has been an inspiration and a role model, both in academics and in life. Carrie is a loving sister and the best roommate I could have asked for. I am most grateful to Tanya, the love of my life. I have learned that with her support, nothing is impossible, and no dream is out of reach.

I have relied on the support of more friends than I can mention, so I will name only a few. The Newman Hall community was a source of strength in my life, especially Frank Sabatte, Susan Depaul, Frank DaPrato, Erica Boyd, Joe Morris, Ed Hermeno, Rex Winterbottom, Andrew Ross, Kevin and Erin Hartshorn, and Felix and Lara Wu. Gisele Giorgi was a good friend and thesis buddy. Other friends who never lost faith in me were Osama Al-Shaykh, Nelson Chang, Kathy Lee, Vivek Goyal, Soheila Bana, and Marty Patin.

I am greatly indebted to my advisor, Avideh Zakhor, for supporting me in many ways throughout my graduate career. Her technical knowledge and creativity were invaluable to my research, and her skill as an editor allowed us to write papers that I am very proud of. I think we made a great team. In addition, my work has benefitted from discussions with and help from many talented people who worked in the VIP lab over the years. These include Osama Alshaykh, Eugene Miloslavsky, Toshio Nomura, Samson Cheung, Emin Martinian, Ed Chang, David Taubman, Nimish Shaw, Emile Sahouria, Gregory Chew, Daniel Tan, Nelson Chang, and Yong Man Ro.

I have been fortunate in that my material needs were provided for during my course of study. I wish to acknowlege funding from Muri grant F49620-00-1-0327, NSF grant CCR9903368, AFOSR grant FDF49620-99-1-0062-11/01, AASERT grant number N0001-4-95-1-1163, and the California State MICRO program. Several companies have also provided generous support, including Intel, Sun Microsystems, Philips, LG Electronics, Sharp, Tektronix, and Hughes Research Laboratories. I am also grateful for the NSF Graduate Fellowship which allowed me to begin my studies, and for the Okawa Foundation Grant which helped me to continue them.

Finally, to my old buddy Russ, I wish you and Inna could be here to see this. I miss you both very much.