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M. SkÃűld (2006). Robust Markov
chain Monte Carlo methods for
spatial generalized linear mixed
models. J. of Computational and
Graphical Statistics 15, 1–17.

Chung, F. (1997). Spectral Graph The-
ory. AMS.

Cimiano, P., A. Schultz, S. Sizov,
P. Sorg, and S. Staab (2009). Ex-
plicit versus latent concept models
for cross-language information re-
trieval. In Intl. Joint Conf. on AI.

Cipra, B. (2000). The Ising Model Is
NP-Complete. SIAM News 33(6).

Ciresan, D. C., U. Meier, L. M.
Gambardella, and J. Schmidhuber
(2010). Deep big simple neural nets
for handwritten digit recognition.
Neural Computation 22(12), 3207–
3220.

Clarke, B. (2003). Bayes model av-
eraging and stacking when model
approximation error cannot be ig-
nored. J. of Machine Learning Re-
search, 683–712.

Clarke, B., E. Fokoue, and H. H. Zhang
(2009). Principles and Theory for
Data Mining and Machine Learn-
ing. Springer.

Cleveland, W. and S. Devlin (1988).
Locally-weighted regression: An
approach to regression analysis by
local fitting. J. of the Am. Stat. As-
soc. 83(403), 596–610.

Collins, M. (2002). Discrimina-
tive Training Methods for Hidden
Markov Models: Theory and Exper-
iments with Perceptron Algorithms.
In EMNLP.

Collins, M., S. Dasgupta, and R. E.
Schapire (2002). A generalization
of principal components analysis
to the exponential family. In NIPS-
14.

Collins, M. and N. Du�y (2002). Con-
volution kernels for natural lan-
guage. In NIPS.

Collobert, R. and J. Weston (2008).
A Unified Architecture for Natural
Language Processing: Deep Neural
Networks with Multitask Learning.
In Intl. Conf. on Machine Learning.

Combettes, P. and V. Wajs (2005). Sig-
nal recovery by proximal forward-
backward splitting. SIAM J. Multi-
scale Model. Simul. 4(4), 1168–1200.

Cook, J. (2005). Exact Calculation
of Beta Inequalities. Technical re-
port, M. D. Anderson Cancer Cen-
ter, Dept. Biostatistics.

Cooper, G. and E. Herskovits (1992).
A Bayesian method for the induc-
tion of probabilistic networks from
data. Machine Learning 9, 309–347.

Cooper, G. and C. Yoo (1999). Causal
discovery from a mixture of exper-
imental and observational data. In
UAI.

Cover, T. and P. Hart (1967). Near-
est neighbor pattern classification.
IEEE Trans. Inform. Theory 13(1), 21–
27.



BIBLIOGRAPHY 1021

Cover, T. M. and J. A. Thomas
(1991). Elements of Information The-
ory. John Wiley.

Cover, T. M. and J. A. Thomas
(2006). Elements of Information
Theory. John Wiley. 2nd edition.

Cowell, R. G., A. P. Dawid, S. L.
Lauritzen, and D. J. Spiegelhalter
(1999). Probabilistic Networks and
Expert Systems. Springer.

Cowles, M. and B. Carlin (1996).
Markov chain monte carlo conver-
gence diagnostics: A comparative
review. J. of the Am. Stat. Assoc. 91,
883–904.

Crisan, D., P. D. Moral, and T. Lyons
(1999). Discrete filtering using
branching and interacting particle
systems. Markov Processes and Re-
lated Fields 5(3), 293–318.

Cui, Y., X. Z. Fern, and J. G. Dy
(2010). Learning multiple nonre-
dundant clusterings. ACM Transac-
tions on Knowledge Discovery from
Data 4(3).

Cukier, K. (2010, February). Data, data
everywhere.

Dagum, P. and M. Luby (1993). Ap-
proximating probabilistic inference
in Bayesian belief networks is NP-
hard. Artificial Intelligence 60, 141–
153.

Dahl, J., L. Vandenberghe, and V. Roy-
chowdhury (2008, August). Co-
variance selection for non-chordal
graphs via chordal embedding.
Optimization Methods and Soft-
ware 23(4), 501–502.

Dahlhaus, R. and M. Eichler (2000).
Causality and graphical models for
time series. In P. Green, N. Hjort,
and S. Richardson (Eds.), Highly
structured stochastic systems. Ox-
ford University Press.

Dallal, S. and W. Hall (1983). Approxi-
mating priors by mixtures of natu-
ral conjugate priors. J. of Royal Stat.
Soc. Series B 45, 278–286.

Darwiche, A. (2009). Modeling and
Reasoning with Bayesian Networks.
Cambridge.

Daume, H. (2007a). Fast search for
Dirichlet process mixture models.
In AI/Statistics.

Daume, H. (2007b). Frustratingly easy
domain adaptation. In Proc. the As-
soc. for Comp. Ling.

Dawid, A. P. (1992). Applications of a
general propagation algorithm for
probabilistic expert systems. Statis-
tics and Computing 2, 25–36.

Dawid, A. P. (2002). Influence dia-
grams for causal modelling and in-
ference. Intl. Stat. Review 70, 161–
189. Corrections p437.

Dawid, A. P. (2010). Beware of the DAG!
J. of Machine Learning Research 6,
59–86.

Dawid, A. P. and S. L. Lauritzen
(1993). Hyper-markov laws in the
statistical analysis of decompos-
able graphical models. The Annals
of Statistics 3, 1272–1317.

de Freitas, N., R. Dearden, F. Hut-
ter, R. Morales-Menendez, J. Mutch,
and D. Poole (2004). Diagnosis by
a waiter and a mars explorer. Proc.
IEEE 92(3).

de Freitas, N., M. Niranjan, and A. Gee
(2000). Hierarchical Bayesian mod-
els for regularisation in sequential
learning. Neural Computation 12(4),
955–993.

Dechter, R. (1996). Bucket elimination:
a unifying framework for proba-
bilistic inference. In UAI.

Dechter, R. (2003). Constraint Process-
ing. Morgan Kaufmann.

Decoste, D. and B. Schoelkopf (2002).
Training invariant support vector
machines. Machine learnng 41, 161–
190.

Deerwester, S., S. Dumais, G. Fur-
nas, T. Landauer, and R. Harshman
(1990). Indexing by latent semantic
analysis. J. of the American Society
for Information Science 41(6), 391–
407.

DeGroot, M. (1970). Optimal Statistical
Decisions. McGraw-Hill.

Deisenroth, M., C. Rasmussen, and
J. Peters (2009). Gaussian Process
Dynamic Programming. Neurocom-
puting 72(7), 1508–1524.

Dellaportas, P., P. Giudici, and
G. Roberts (2003). Bayesian infer-
ence for nondecomposable graphi-
cal gaussian models. Sankhya, Ser.
A 65, 43–55.

Dellaportas, P. and A. F. M. Smith
(1993). Bayesian Inference for Gen-
eralized Linear and Proportional
Hazards Models via Gibbs Sam-
pling. J. of the Royal Statisti-
cal Society. Series C (Applied Statis-
tics) 42(3), 443–459.

Delyon, B., M. Lavielle, and
E. Moulines (1999). Convergence of
a stochastic approximation version
of the EM algorithm. Annals of
Statistics 27 (1), 94–128.

Dempster, A. (1972). Covariance selec-
tion. Biometrics 28(1).

Dempster, A. P., N. M. Laird, and D. B.
Rubin (1977). Maximum likelihood
from incomplete data via the EM
algorithm. J. of the Royal Statistical
Society, Series B 34, 1–38.

Denison, D., C. Holmes, B. Mallick,
and A. Smith (2002). Bayesian
methods for nonlinear classification
and regression. Wiley.

Denison, D., B. Mallick, and A. Smith
(1998). A Bayesian CART algorithm.
Biometrika 85, 363–377.

Desjardins, G. and Y. Bengio (2008).
Empirical evaluation of convolu-
tional RBMs for vision. Technical
Report 1327, U. Montreal.

Dey, D., S. Ghosh, and B. Mallick (Eds.)
(2000). Generalized Linear Models:
A Bayesian Perspective. Chapman &
Hall/CRC Biostatistics Series.

Diaconis, P., S. Holmes, and R. Mont-
gomery (2007). Dynamical Bias in
the Coin Toss. SIAM Review 49(2),
211–235.

Diaconis, P. and D. Ylvisaker (1985).
Quantifying prior opinion. In
Bayesian Statistics 2.

Dietterich, T. G. and G. Bakiri (1995).
Solving multiclass learning prob-
lems via ECOCs. J. of AI Research 2,
263–286.

Diggle, P. and P. Ribeiro (2007). Model-
based Geostatistics. Springer.

Ding, Y. and R. Harrison (2010). A
sparse multinomial probit model
for classification. Pattern Analysis
and Applications, 1–9.

Dobra, A. (2009). Dependency net-
works for genome-wide data. Tech-
nical report, U. Washington.



1022 BIBLIOGRAPHY

Dobra, A. and H. Massam (2010). The
mode oriented stochastic search
(MOSS) algorithm for log-linear
models with conjugate priors. Sta-
tistical Methodology 7, 240–253.

Domingos, P. and D. Lowd (2009).
Markov Logic: An Interface Layer for
AI. Morgan & Claypool.

Domingos, P. and M. Pazzani (1997).
On the optimality of the simple
bayesian classifier under zero-one
loss. Machine Learning 29, 103–
130.

Domke, J., A. Karapurkar, and Y. Aloi-
monos (2008). Who killed the di-
rected model? In CVPR.

Doucet, A., N. de Freitas, and N. J. Gor-
don (2001). Sequential Monte Carlo
Methods in Practice. Springer Ver-
lag.

Doucet, A., N. Gordon, and V. Krish-
namurthy (2001). Particle Filters for
State Estimation of Jump Markov
Linear Systems. IEEE Trans. on Sig-
nal Processing 49(3), 613–624.

Dow, J. and J. Endersby (2004). Multi-
nomial probit and multinomial
logit: a comparison of choice mod-
els for voting research. Electoral
Studies 23(1), 107–122.

Drineas, P., A. Frieze, R. Kannan,
S. Vempala, and V. Vinay (2004).
Clustering large graphs via the sin-
gular value decomposition. Ma-
chine Learning 56, 9–33.

Drugowitsch, J. (2008). Bayesian lin-
ear regression. Technical report, U.
Rochester.

Druilhet, P. and J.-M. Marin (2007). In-
variant HPD credible sets and MAP
estimators. Bayesian Analysis 2(4),
681–692.

Duane, S., A. Kennedy, B. Pendle-
ton, and D. Roweth (1987). Hy-
brid Monte Carlo. Physics Letters
B 195(2), 216–222.

Duchi, J., S. Gould, and D. Koller
(2008). Projected subgradient
methods for learning sparse gaus-
sians. In UAI.

Duchi, J., E. Hazan, and Y. Singer
(2010). Adaptive Subgradient Meth-
ods for Online Learning and
Stochastic Optimization. In Proc.
of the Workshop on Computational
Learning Theory.

Duchi, J., S. Shalev-Shwartz, Y. Singer,
and T. Chandra (2008). E�cient
projections onto the L1-ball for
learning in high dimensions. In
Intl. Conf. on Machine Learning.

Duchi, J. and Y. Singer (2009). Boost-
ing with structural sparsity. In Intl.
Conf. on Machine Learning.

Duchi, J., D. Tarlow, G. Elidan, and
D. Koller (2007). Using combi-
natorial optimization within max-
product belief propagation. In
NIPS.

Duda, R. O., P. E. Hart, and D. G. Stork
(2001). Pattern Classification. Wiley
Interscience. 2nd edition.

Dumais, S. and T. Landauer (1997). A
solution to Plato’s problem: The
latent semantic analysis theory of
acquisition, induction and repre-
sentation of knowledge. Psycholog-
ical Review 104, 211–240.

Dunson, D., J. Palomo, and K. Bollen
(2005). Bayesian Structural Equa-
tion Modeling. Technical Report
2005-5, SAMSI.

Durbin, J. and S. J. Koopman (2001).
Time Series Analysis by State Space
Methods. Oxford University Press.

Durbin, R., S. Eddy, A. Krogh, and
G. Mitchison (1998). Biological Se-
quence Analysis: Probabilistic Mod-
els of Proteins and Nucleic Acids.
Cambridge: Cambridge University
Press.

Earl, D. and M. Deem (2005). Paral-
lel tempering: Theory, applications,
and new perspectives. Phys. Chem.
Chem. Phys. 7, 3910.

Eaton, D. and K. Murphy (2007). Exact
Bayesian structure learning from
uncertain interventions. In AI/S-
tatistics.

Edakunni, N., S. Schaal, and S. Vi-
jayakumar (2010). Probabilistic in-
cremental locally weighted learn-
ing using randomly varying coe�-
cient model. Technical report, USC.

Edwards, D., G. de Abreu, and
R. Labouriau (2010). Selecting high-
dimensional mixed graphical mod-
els using minimal AIC or BIC
forests. BMC Bioinformatics 11(18).

Efron, B. (1986). Why Isn’t Everyone
a Bayesian? The American Statisti-
cian 40(1).

Efron, B. (2010). Large-Scale Infer-
ence: Empirical Bayes Methods for
Estimation, Testing, and Prediction.
Cambridge.

Efron, B., I. Johnstone, T. Hastie, and
R. Tibshirani (2004). Least angle re-
gression. Annals of Statistics 32(2),
407–499.

Efron, B. and C. Morris (1975). Data
analysis using stein’s estimator and
its generalizations. J. of the Am. Stat.
Assoc. 70(350), 311–319.

Elad, M. and I. Yavnch (2009). A plu-
rality of sparse representations is
better than the sparsest one alone.
IEEE Trans. on Info. Theory 55(10),
4701–4714.

Elidan, G. and S. Gould (2008). Learn-
ing Bounded Treewidth Bayesian
Networks. J. of Machine Learning
Research, 2699–2731.

Elidan, G., N. Lotner, N. Friedman, and
D. Koller (2000). Discovering hid-
den variables: A structure-based
approach. In NIPS.

Elidan, G., I. McGraw, and D. Koller
(2006). Residual belief propa-
gation: Informed scheduling for
asynchronous message passing. In
UAI.

Elkan, C. (2003). Using the triangle in-
equality to accelerate k-means. In
Intl. Conf. on Machine Learning.

Elkan, C. (2005). Deriving TF-IDF as
a Fisher kernel. In Proc. Intl. Symp.
on String Processing and Informa-
tion Retrieval (SPIRE), pp. 296–301.

Elkan, C. (2006). Clustering docu-
ments with an exponential fmaily
approximation of the Dirichlet
compoind multinomial model. In
Intl. Conf. on Machine Learning.

Ellis, B. and W. H. Wong (2008). Learn-
ing causal bayesian network struc-
tures from experimental data. J. of
the Am. Stat. Assoc. 103(482), 778–
789.

Engel, Y., S. Mannor, and R. Meir
(2005). Reinforcement Learning
with Gaussian Processes. In Intl.
Conf. on Machine Learning.

Erhan, D., Y. Bengio, A. Courville, P.-A.
Manzagol, P. Vincent, and S. Ben-
gio (2010). Why Does Unsupervised
Pre-training Help Deep Learning?
J. of Machine Learning Research 11,
625–660.



BIBLIOGRAPHY 1023

Erosheva, E., S. Fienberg, and
C. Joutard (2007). Describing
disability through individual-level
mixture models for multivariate bi-
nary data. Annals of Applied Statis-
tics.

Erosheva, E., S. Fienberg, and J. Laf-
ferty (2004). Mixed-membership
models of scientific publications.
Proc. of the National Academy of
Science, USA 101, 5220–2227.

Escobar, M. D. and M. West (1995).
Bayesian density estimation and
inference using mixtures. J. of the
Am. Stat. Assoc. 90(430), 577–588.

Ewens, W. (1990). Population genet-
ics theory - the past and the fu-
ture. In S.Lessard (Ed.), Mathemeti-
cal and Statistica Developments of
Evolutionary Theory, pp. 177–227.
Reidel.

Fan, J. and R. Z. Li (2001). Variable se-
lection via non-concave penalized
likelihood and its oracle properties.
J. of the Am. Stat. Assoc. 96(456),
1348–1360.

Fearnhead, P. (2004). Exact bayesian
curve fitting and signal segmen-
tation. IEEE Trans. Signal Process-
ing 53, 2160–2166.

Felzenszwalb, P. and D. Huttenlocher
(2006). E�cient belief propagation
for early vision. Intl. J. Computer
Vision 70(1), 41–54.

Ferrucci, D., E. Brown, J. Chu-Carroll,
J. Fan, D. Gondek, A. Kalyanpur,
A. Lally, J. W. Murdock, E. N.
amd J. Prager, N. Schlaefter, and
C. Welty (2010). Building Wat-
son: An Overview of the DeepQA
Project. AI Magazine, 59–79.

Fienberg, S. (1970). An iterative pro-
cedure for estimation in contin-
gency tables. Annals of Mathemat-
ical Statistics 41(3), 907âĂŞ917.
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Friedman, J. (1991). Multivariate
adaptive regression splines. Ann.
Statist. 19, 1–67.

Friedman, J. (1997a). On bias, variance,
0-1 loss and the curse of dimen-
sionality. J. Data Mining and Knowl-
edge Discovery 1, 55–77.

Friedman, J. (2001). Greedy function
approximation: a gradient boost-
ing machine. Annals of Statistics 29,
1189–1232.

Friedman, J., T. Hastie, and R. Tibshi-
rani (2000). Additive logistic regres-
sion: a statistical view of boosting.
Annals of statistics 28(2), 337–374.

Friedman, J., T. Hastie, and R. Tib-
shirani (2008). Sparse inverse co-
variance estimation the graphical
lasso. Biostatistics 9(3), 432–441.

Friedman, J., T. Hastie, and R. Tibshi-
rani (2010, Februrary). Regulariza-
tion Paths for Generalized Linear
Models via Coordinate Descent. J.
of Statistical Software 33(1).

Friedman, N. (1997b). Learning
Bayesian networks in the presence
of missing values and hidden vari-
ables. In UAI.

Friedman, N., D. Geiger, and M. Gold-
szmidt (1997). Bayesian network
classifiers. Machine Learning J. 29,
131–163.

Friedman, N., D. Geiger, and N. Lot-
ner (2000). Likelihood computation
with value abstraction. In UAI.



1024 BIBLIOGRAPHY

Friedman, N. and D. Koller (2003). Be-
ing Bayesian about Network Struc-
ture: A Bayesian Approach to
Structure Discovery in Bayesian
Networks. Machine Learning 50,
95–126.

Friedman, N., M. Ninion, I. Pe’er, and
T. Pupko (2002). A Structural EM
Algorithm for Phylogenetic Infer-
ence. J. Comp. Bio. 9, 331–353.

Friedman, N. and Y. Singer (1999). Ef-
ficient Bayesian parameter estima-
tion in large discrete domains. In
NIPS-11.

Fruhwirth-Schnatter, S. (2007). Fi-
nite Mixture and Markov Switching
Models. Springer.

Fruhwirth-Schnatter, S. and R. Fruh-
wirth (2010). Data Augmentation
and MCMC for Binary and Multi-
nomial Logit Models. In T. Kneib
and G. Tutz (Eds.), Statistical Mod-
elling and Regression Structures, pp.
111–132. Springer.

Fu, W. (1998). Penalized regressions:
the bridge verus the lasso. J. Com-
putational and graphical statistics.

Fukunaga, K. (1990). Introduction to
Statistical Pattern Recognition. Aca-
demic Press. 2nd edition.

Fukushima, K. (1975). Cognitron: a
self-organizing multilayered neu-
ral network. Biological Cybernet-
ics 20(6), 121–136.

Fung, R. and K. Chang (1989). Weight-
ing and integrating evidence for
stochastic simulation in Bayesian
networks. In UAI.

Gabow, H., Z. Galil, and T. Spencer
(1984). E�cient implementation
of graph algorithms using contrac-
tion. In IEEE Symposium on the
Foundations of Computer Science.

Gales, M. (2002). Maximum like-
lihood multiple subspace projec-
tions for hidden Markov models.
IEEE. Trans. on Speech and Audio
Processing 10(2), 37–47.

Gales, M. J. F. (1999). Semi-tied covari-
ance matrices for hidden Markov
models. IEEE Trans. on Speech and
Audio Processing 7 (3), 272–281.

Gamerman, D. (1997). E�cient sam-
pling from the posterior distribu-
tion in generalized linear mixed
models. Statistics and Computing 7,
57–68.

Geiger, D. and D. Heckerman (1994).
Learning Gaussian networks. In
UAI, Volume 10, pp. 235–243.

Geiger, D. and D. Heckerman (1997).
A characterization of Dirchlet dis-
tributions through local and global
independence. Annals of Statis-
tics 25, 1344–1368.

Gelfand, A. (1996). Model determina-
tion using sampling-based meth-
ods. In Gilks, Richardson, and
Spiegelhalter (Eds.), Markov Chain
Monte Carlo in Practice. Chapman
& Hall.

Gelfand, A. and A. Smith (1990).
Sampling-based approaches to cal-
culating marginal densities. J. of the
Am. Stat. Assoc. 85, 385–409.

Gelman, A., J. Carlin, H. Stern, and
D. Rubin (2004). Bayesian data
analysis. Chapman and Hall. 2nd
edition.

Gelman, A. and J. Hill (2007). Data
analysis using regression and mul-
tilevel/ hierarchical models. Cam-
bridge.

Gelman, A. and X.-L. Meng (1998).
Simulating normalizing constants:
from importance sampling to
bridge sampling to path sampling.
Statisical Science 13, 163–185.

Gelman, A. and T. Raghunathan (2001).
Using conditional distributions for
missing-data imputation. Statistical
Science.

Gelman, A. and D. Rubin (1992). Infer-
ence from iterative simulation us-
ing multiple sequences. Statistical
Science 7, 457–511.

Geman, S., E. Bienenstock, and
R. Doursat (1992). Neural networks
and the bias-variance dilemma.
Neural Computing 4, 1–58.

Geman, S. and D. Geman (1984).
Stochastic relaxation, Gibbs distri-
butions, and the Bayesian restora-
tion of images. IEEE Trans. on Pat-
tern Analysis and Machine Intelli-
gence 6(6).

Geo�rion, A. (1974). Lagrangian
relaxation for integer program-
ming. Mathematical Programming
Study 2, 82–114.

George, E. and D. Foster (2000). Cal-
ibration and empirical bayes vari-
able selection. Biometrika 87 (4),
731–747.

Getoor, L. and B. Taskar (Eds.) (2007).
Introduction to Relational Statistical
Learning. MIT Press.

Geyer, C. (1992). Practical markov
chain monte carlo. Statistical Sci-
ence 7, 473–483.

Ghahramani, Z. and M. Beal (2000).
Variational inference for Bayesian
mixtures of factor analysers. In
NIPS-12.

Ghahramani, Z. and M. Beal (2001).
Propagation algorithms for varia-
tional Bayesian learning. In NIPS-
13.

Ghahramani, Z. and G. Hinton (1996a).
The EM algorithm for mixtures of
factor analyzers. Technical report,
Dept. of Comp. Sci., Uni. Toronto.

Ghahramani, Z. and G. Hinton (1996b).
Parameter estimation for linear dy-
namical systems. Technical Re-
port CRG-TR-96-2, Dept. Comp.
Sci., Univ. Toronto.

Ghahramani, Z. and M. Jordan (1997).
Factorial hidden Markov models.
Machine Learning 29, 245–273.

Gilks, W. and C. Berzuini (2001).
Following a moving target –
Monte Carlo infernece for dynamic
Bayesian models. J. of Royal Stat.
Soc. Series B 63, 127–146.

Gilks, W., N. Best, and K. Tan (1995).
Adaptive rejection Metropolis sam-
pling. Applied Statistics 44, 455–472.

Gilks, W. and P. Wild (1992). Adaptive
rejection sampling for Gibbs sam-
pling. Applied Statistics 41, 337–348.

Girolami, M., B. Calderhead, and
S. Chin (2010). Riemannian Man-
ifold Hamiltonian Monte Carlo. J.
of Royal Stat. Soc. Series B. To ap-
pear.

Girolami, M. and S. Rogers (2005). Hi-
erarchic bayesian models for kernel
learning. In Intl. Conf. on Machine
Learning, pp. 241–248.

Girolami, M. and S. Rogers (2006).
Variational Bayesian multinomial
probit regression with Gaussian
process priors. Neural Comptua-
tion 18(8), 1790 – 1817.

Girshick, R., P. Felzenszwalb, and
D. McAllester (2011). Object de-
tection with grammar models. In
NIPS.

Gittins, J. (1989). Multi-armed Bandit
Allocation Indices. Wiley.



BIBLIOGRAPHY 1025

Giudici, P. and P. Green (1999).
Decomposable graphical gaus-
sian model determination.
Biometrika 86(4), 785–801.

Givoni, I. E. and B. J. Frey (2009, June).
A binary variable model for a�n-
ity propagation. Neural Computa-
tion 21(6), 1589–1600.

Globerson, A. and T. Jaakkola (2008).
Fixing max-product: Convergent
message passing algorithms for
MAP LP-relaxations. In NIPS.

Glorot, X. and Y. Bengio (2010, May).
Understanding the di�culty of
training deep feedforward neural
networks. In AI/Statistics, Volume 9,
pp. 249–256.

Gogate, V., W. A. Webb, and P. Domin-
gos (2010). Learning e�cient
Markov networks. In NIPS.

Goldenberg, A., A. X. Zheng, S. E. Fien-
berg, and E. M. Airoldi (2009). A
Survey of Statistical Network Mod-
els. Foundations and Trends in Ma-
chine Learning , 129–233.

Golub, G. and C. F. van Loan (1996).
Matrix computations. Johns Hop-
kins University Press.

Gonen, M., W. Johnson, Y. Lu, and
P. Westfall (2005, August). The
Bayesian Two-Sample t Test. The
American Statistician 59(3), 252–
257.

Gonzales, T. (1985). Clustering to
minimize the maximum interclus-
ter distance. Theor. Comp. Sci. 38,
293–306.

Gorder, P. F. (2006, Nov/Dec). Neu-
ral networks show new promise for
machine vision. Computing in sci-
ence & engineering 8(6), 4–8.

Gordon, N. (1993). Novel ap-
proach to nonlinear/non-Gaussian
Bayesian state estimation. IEE Pro-
ceedings (F) 140(2), 107–113.

Graepel, T., J. Quinonero-Candela,
T. Borchert, and R. Herbrich
(2010). Web-Scale Bayesian Click-
Through Rate Prediction for Spon-
sored Search Advertising in Mi-
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