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4 Abstract—Age estimation from facial images is typically cast as a label distribution learning or regression problem, since aging is a

5 gradual progress. Its main challenge is the facial feature space w.r.t. ages is inhomogeneous, due to the large variation in facial

6 appearance across different persons of the same age and the non-stationary property of aging. In this paper, we propose two Deep

7 Differentiable Random Forests methods, Deep Label Distribution Learning Forest (DLDLF) and Deep Regression Forest (DRF), for

8 age estimation. Both of them connect split nodes to the top layer of convolutional neural networks (CNNs) and deal with

9 inhomogeneous data by jointly learning input-dependent data partitions at the split nodes and age distributions at the leaf nodes. This

10 joint learning follows an alternating strategy: (1) Fixing the leaf nodes and optimizing the split nodes and the CNN parameters by

11 Back-propagation; (2) Fixing the split nodes and optimizing the leaf nodes by Variational Bounding. Two Deterministic Annealing

12 processes are introduced into the learning of the split and leaf nodes, respectively, to avoid poor local optima and obtain better

13 estimates of tree parameters free of initial values. Experimental results show that DLDLF and DRF achieve state-of-the-art

14 performance on three age estimation datasets.

15 Index Terms—Age estimation, random forest, regression, label distribution learning, deterministic annealing

Ç

16 1 INTRODUCTION

17 THERE has been a growing interest in age estimation from
18 facial images, driven by the increasing demands for a
19 variety of potential applications in forensic research [1],
20 security control [2], human-computer interaction (HCI) [2]
21 and social media [3]. In this paper, we focus on estimating
22 the precise chronological age (i.e., not age group estima-
23 tion [4]). Although considerable progress has been made
24 recently [5], [6], [7], estimating ages accurately and reliably
25 from facial images is still a challenging problem.
26 To address age estimation, the characteristics of this task
27 should be considered. First, aging is a slow and gradual prog-
28 ress, thus there is a strong correlation between close ages of
29 the same individual, e.g., a person’s facial images taken at
30 close ages are similar. Due to this fact, age estimation is usu-
31 ally formulated as a label distribution learning (LDL) [8], [9],
32 [10] or regression [11], [12], [13] problem rather than a classifi-
33 cation problem, because in a classification problem, class

34labels are uncorrelated. Unlike classification, LDL assigns a
35distribution over the set of labels to an instance, which can be
36obtained by fitting a Gaussian or Triangle distribution whose
37peak is the label of this instance and represents the relative
38importance of each label involved in the description of an
39instance; by contrast, regression considers labels as continu-
40ous numerical values. Therefore, LDL and regression can
41explicitly and implicitly model cross age correlations of the
42same individual, respectively.
43Second, learning the mapping between facial image fea-
44tures and ages is challenging. The main difficulty is the facial
45feature spacew.r.t. ages is inhomogeneous, due to two factors:
461) there is a large variation in facial appearance across differ-
47ent persons of the same age (Fig. 1a); 2) the human face
48matures in different ways at different ages, e.g., bone growth
49in childhood and skin wrinkles in adulthood [14] (Fig. 1b).
50This inhomogeneity suggests applying divide-and-conquer
51models, such as Random Forests [15], [16], [17], to partition
52the data space and learn multiple local age estimators [18].
53However, traditional Random Forests make hard data parti-
54tions based on heuristics, such as using a greedy algorithm
55where locally-optimal hard decisions are made at each split
56node [15], thus have limitations in representation learning,
57e.g., they can not learn deep facial features to perform data
58partition in an end-to-endmanner.
59To address this issue, we propose two Deep Differentiable
60Random Forests for age estimation, where one is an LDL
61model, named by Deep Label Distribution Learning Forest
62(DLDLF), the other is a regression model, named by Deep
63Regression Forest (DRF). Our Deep Differentiable Random
64Forests are inspired by [19], which introduced differentiable
65decision classification trees and integrated them with CNNs
66by connecting the split nodes in trees to a fully connected
67layer of a CNN. We extend the differentiable trees to deal
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68 with LDL and regression problems, which is non-trivial (see
69 the discussion in Section 2). Differentiable trees perform soft
70 data partition at split nodes, so that an input-dependent par-
71 tition function can be learned to handle inhomogeneous data.
72 In addition, the deep facial features at split nodes (input fea-
73 ture space) and the age distributions at leaf nodes (local esti-
74 mators) can be learned jointly, which ensures that the local
75 input-output correlation is homogeneous at the leaf node.
76 To jointly learn the deep facial features at split nodes and
77 the age distributions at leaf nodes in our Deep Differentiable
78 Random Forests, we apply an alternating optimization strat-
79 egy: first we fix the leaf nodes parameters and optimize split
80 node parameters as well as the CNN parameters (feature
81 learning) by Back-propagation. Then, we fix split node
82 parameters and optimize the age distributions at leaf nodes
83 by Variational Bounding [20], [21]. These two learning steps
84 are alternatively performed to jointly optimize feature learn-
85 ing and estimatormodeling for age estimation. Additionally,
86 these two learning steps are non-convex optimization prob-
87 lems (except for optimizing the age distributions at leaf
88 nodes in DLDLFs), thus both Gradient Descent and Varia-
89 tional Bounding require “good” parameter initializations to
90 avoid converging to poor local minimal. To address this
91 problem, we introduce two Deterministic Annealing (DA)
92 processes [22], [23], [24] into these two learning steps, respec-
93 tively, which can avoid many poor local optima during opti-
94 mization and obtain better estimates of tree parameters free
95 of initializations. Finally, to learn the ensemble of multiple
96 trees (forest), we explicitly define the forest loss as the aver-
97 age of the losses of all the individual trees and allow the split
98 nodes fromdifferent trees to be connected to the same output
99 unit of the feature learning function. In this way, the split

100 node parameters of all the individual trees can be learned
101 jointly. Fig. 2 illustrates a sketch chart of our DLDLF and
102 DRF, where each forest consists of two trees is shown.
103 We evaluate our algorithms on three standard datasets
104 for real age estimation methods: MORPH [25], FG-NET [26]
105 and the Cross-Age Celebrity Dataset (CACD) [27]. Experi-
106 mental results demonstrate that our algorithms outperform
107 several state-of-the-art methods on these three datasets.
108 The contributions of this paper are five folds:

109 1) We propose Deep Label Distribution Learning Forest
110 and Deep Regression Forest, two end-to-end models,
111 to deal with inhomogeneous data by jointly learning
112 input-dependent data partition at split nodes and
113 age distribution at leaf nodes.
114 2) Based on Variational Bounding, the convergences of
115 our update rules for leaf nodes in DLDLFs and DRFs
116 are mathematically guaranteed.

1173) We introduce Deterministic Annealing processes
118into the learning of DLDLFs and DRFs, which can
119avoid many poor local optima during optimization
120and obtain better estimates of tree parameters free of
121initial parameter values.
1224) We propose a strategy to learn the ensemble of mul-
123tiple trees, which is different from [19], but we show
124it is effective.
1255) We apply DLDLFs and DRFs to three standard age
126estimation benchmarks, and achieve state-of-the-art
127results.
128This paper summarizes two of our preliminary works [28],
129[29] into a unified optimization framework, i.e., alternatively
130learning split nodes by Back-propagation and learning leaf
131nodes by Variational Bounding and has following extensions:
132First, we introduce two methodological improvements, i.e.,
133the two Deterministic Annealing processes introduced into
134the learning of split and leaf nodes, respectively, to avoid
135poor local optima and obtain better estimates of tree parame-
136ters free of initial parameter values. Second, we provide more
137experimental results and discussions, such as ablation experi-
138ments to study the influence of different designs and variants
139of our methods and updated state-of-the-art results on the
140three age estimation datasets.

1412 RELATED WORK

142Age Estimation. One way to tackle precise facial age estima-
143tion is to search for a kernel-based global non-linear map-
144ping, like kernel support vector regression [30] or kernel
145partial least squares regression [11]. The basic idea is to
146learn a low-dimensional embedding of the aging manifold
147[31]. However, global non-linear mapping algorithms may
148be biased [13], due to the inhomogeneous properties of the
149input data. Another way is to adopt divide-and-conquer
150approaches, which partition the data space and learn multi-
151ple local regressors. But hierarchical regression [18] or tree
152based regression [32] approaches made hard partitions
153according to ages, which is problematic because the subsets
154of facial images may not be homogeneous for learning local
155regressors. Huang et al. [13] proposed Soft-margin Mixture
156of Regressions (SMMR) to address this issue, which found
157homogeneous partitions in the joint input-output space,
158and learned a local regressor for each partition. But their
159regression model cannot be integrated with any deep net-
160works as an end-to-end model.
161Several researchers formulated age estimation as an ordi-
162nal regression problem [5], [12], [33], because the relative
163order among the age labels is also important information.
164They trained a series of binary classifiers to partition the
165samples according to ages, and estimated ages by summing
166over the classifier outputs. Thus, ordinal regression is lim-
167ited by its lack of scalability [13]. Some other researchers for-
168mulated age estimation as a label distribution learning
169problem [34], which paid attention to modeling the cross-
170age correlations, based on the observation that faces at close
171ages look similar. LDL based age estimation methods [8],
172[9], [35] achieved promising results, but these LDL methods
173assume that a label distribution should be represented by a
174maximum entropy model [36], where the exponential part
175of this model restricts the generality of the distribution

Fig. 1. (a) The large variation in facial appearance across different per-
sons of the same age. (b) Facial images of a person from childhood to
adulthood. Note that, Facial aging effects appear as changes in the
shape of the face during childhood and changes in skin texture during
adulthood, respectively.
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176 form. On the contrary, our method, DLDLF, expresses a
177 label distribution by a linear combination of the label distri-
178 butions of training data, and thus have no restrictions on
179 the distributions (e.g., no requirement of the maximum
180 entropy model).
181 With the rapid development of deep networks, more and
182 more end-to-end CNN based age estimation methods [3],
183 [6], [7], [12], [37] have been proposed to address this non-
184 linear regression problem. But how to deal with inhomoge-
185 neous data is still an open issue.
186 Random Forests. Random Forests or randomized decision
187 trees [15], [16], [17], [38], are a popular ensemble predictive
188 model suitable for many machine learning tasks, such as
189 supervised learning [16], semi-supervised learning [39] and
190 multiple instance learning [40]. Each decision tree consists
191 of several split nodes and leaf nodes. Tree growing is
192 usually based on greedy algorithms which make locally-
193 optimal hard data partition decisions at each split node.
194 Thus, this makes it intractable to integrate decision trees
195 with deep networks in an end-to-end learningmanner. Some
196 efforts have been made to combine these two worlds [19],
197 [41], [42]. The newly proposed DeepNeural Decision Forests
198 (DNDFs) [19] overcame this problem by introducing a soft
199 differentiable decision function at the split nodes and a
200 global loss function defined on a tree, which ensured that the
201 split node parameters can be learned by back-propagation
202 and leaf node predictions can be updated by a discrete itera-
203 tive function.
204 Our methods are inspired by Deep Neural Decision For-
205 ests [19], but differ in their objectives (label distribution
206 learning/regression vs classification). Extending differentia-
207 ble decision trees to deal with label distribution learning/
208 regression is non-trivial, since there are some technical diffi-
209 culties in learning leaf node predictions. Although a step-
210 size free update function was given in DNDFs to update
211 leaf node predictions, it was only proved to converge for a
212 classification loss. Consequently, it is unclear how to obtain
213 such an update function for other objectives, especially for
214 regression, since the distribution of the output space for
215 regression is continuous, but the distribution of the output
216 space for classification is discrete. We show that the update

217functions for both the LDL loss and the regression loss can
218be derived from Variational Bounding and the one given
219in [19] is also a special case of Variational Bounding. In
220addition, we introduce two DA processes into the optimiza-
221tion of our Deep Differentiable Random Forests, which lead
222to better estimates of tree parameters free of initial parame-
223ter values. Last but not least, the strategies used in our deep
224Random Forests and DNDFs to learn the ensemble of multi-
225ple trees (forests) are different: We explicitly define a loss
226function for a forest, which allows the split nodes from dif-
227ferent trees to be connected to the same output unit of the
228feature learning function (See Fig. 2) and enables that all
229trees in a DLDLF or a DRF can be learned jointly; while only
230the loss function for a single tree is defined in DNDFs,
231which only allows trees in a DNDF to be learned alterna-
232tively. As shown in our experiments (Section 6.4.3), our
233ensemble strategy can get better results by using more trees,
234but by using the ensemble strategy proposed in DNDFs, the
235results of forests are even worse than those for a single tree.
236One recent work proposed Neural Regression Forest
237(NRF) [43] for depth estimation, which is similar to our
238DRF, but there are two main differences between an NRF
239and a DRF. The first difference is all the split nodes in a
240DRF are connected to the top layer of a single CNN, but
241every split node in an NRF is connected to a distinct CNN.
242Therefore, an NRF can be only connected to very shallow
243CNNs (as they did in their experiments), otherwise, the
244computational cost is extremely high. But, the representa-
245tion learning ability of these shallow CNNs is limited. The
246second difference is the convergence of our update rule for
247leaf nodes is mathematically guaranteed by Variational
248Bounding, but the convergence of the update rule for leaf
249nodes used in the NRF was not guaranteed.

2503 DIFFERENTIAL DECISION TREES

251Since both DLDLFs and DRFs are based on differential deci-
252sion trees [19], we introduce this tree model first in this
253section.
254Let X and Y denote the input and output spaces, respec-
255tively. A differential decision tree T consists of a set of split

Fig. 2. Illustration of (a) a deep label distribution learning forest (DLDLF) and (b) a deep regression forest (DRF). Each forest consists of two trees.
The top red circles denote the output units of the function f parameterized by QQ. Here, they are the units of a fully-connected (FC) layer in a CNN.
The blue and green circles are split nodes and leaf nodes, respectively. in each forest, two index functions ’1 and ’2 are randomly assigned to the
two trees respectively before training and then fixed. The black dash arrows indicate the correspondence between the split nodes of the two trees
and the output units of the FC layer. Note that, one output unit may correspond to the split nodes belonging to different trees. Each tree has indepen-
dent leaf node distribution pp (denoted by distribution histograms and curves in the leaf nodes of the DLDLF and the DRF, respectively). The output of
the forest is a mixture of the tree predictions. fð�;QQÞ and pp are learned jointly in an end-to-end manner.
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256 nodes N and a set of leaf nodes L. Each split node n 2 N
257 defines a split function snð�;QQÞ : X ! ½0; 1� parameterized
258 by QQ to determine whether a sample is sent to the left or
259 right subtree. Each leaf node ‘ 2 L holds a distribution pp‘

260 over Y. Following [19], we use a soft split function
261 snðx;QQÞ ¼ sðf’ðnÞðx;QQÞÞ, where sð�Þ is a sigmoid function,
262 x 2 X and f : x! RM is a real-valued feature learning func-
263 tion depending on the sample x and the parameter QQ. f can
264 take any forms. In our DLDLFs and DRFs, it is a CNN and
265 QQ is the network parameter. ’ð�Þ is an index function to
266 specify the correspondence between the split nodes and
267 output units of f, which is randomly assigned before tree
268 learning and then fixed. An example to demonstrate ’ð�Þ is
269 shown in Fig. 2 (There are two trees with index functions in
270 each forest, ’1 and ’2 for each). Then, the probability of the
271 sample x falling into leaf node ‘ is given by

P ð‘jx;QQÞ ¼
Y
n2N

snðx;QQÞ1ð‘2Lnl Þð1� snðx;QQÞÞ1ð‘2Lnr Þ; (1)

273273

274 where 1ð�Þ is an indicator function and Lnl and Lnr denote
275 the sets of leaf nodes held by the subtrees T nl , T nr rooted at
276 the left and right children nl; nr of node n (shown in Fig. 3),
277 respectively.
278 Note that, there are two parameters introduced in this
279 tree model: 1) the split node parameter QQ and 2) the distri-
280 butions pp held by the leaf nodes. Tree learning requires the
281 estimation of these two parameters. Let S be a training set
282 and Rðpp;QQ;SÞ be an objective function for an arbitrary
283 learning task, e.g., classification, label distribution learning
284 or regression, then the best parameters ðQQ�;pp�Þ are deter-
285 mined by solving

ðQQ�;pp�Þ ¼ argmin
QQ;pp

Rðpp;QQ;SÞ: (2)

287287

288 To solve Eq. (2), we consider an alternating optimization
289 strategy: First, we fix pp and optimizeQQ by Back-propagation;
290 Then, we fixQQ and optimize pp by Variational Bounding [20],
291 [21]. These two learning steps are performed alternatively,
292 until convergence or a maximum number of iterations is
293 reached (as described in the experiments). We show that this
294 optimization framework is unified for learning both DLDLFs
295 and DRFs in Sections 4 and 5, respectively, as well as
296 for learning the tree models for classification [19] in the
297 Appendix, which can be found on the Computer SocietyDig-
298 ital Library at http://doi.ieeecomputersociety.org/10.1109/
299 TPAMI.2019.2937294.

3004 AGE ESTIMATION BY DEEP LABEL
301DISTRIBUTION FORESTS

302In this section, we describe Deep Label Distribution Learn-
303ing Forests (DLDLFs) for age estimation. Since a forest is an
304ensemble of decision trees, We first introduce how to learn
305a single decision tree by label distribution learning, then
306describe the learning of a forest.

3074.1 Problem Formulation

308We formulate age estimation as an LDL problem: LetX ¼ Rm

309denote the input facial image space and Y ¼ fy1; y2; . . . ; yCg
310denote the complete and order set of age labels, whereC is the
311number of possible age values. For a facial image x 2 X , its
312chronological age value is y 2 Y. To generate a proper label
313distribution d ¼ ðdy1x ; d

y2
x ; . . . ; d

yC
x Þ> 2 RC , where dycx 2 ½0; 1�

314and
PC

c¼1 d
yc
x ¼ 1, for this facial image x, following [9], [37],

315we use a Gaussian distributionwhosemean is the chronologi-
316cal age y:

dycx ¼
pN ðyc; y;aÞPC
k¼1 pN ðyk; y;aÞ

; (3)

318318

319where pN ðyc; y;aÞ ¼ 1ffiffiffiffi
2p
p

a
expð� ðyc�yÞ

2

2a2
Þ and a is a pre-defined

320standard deviation. Fig. 4 illustrates an example of such a

label distribution generated for a facial image at the chrono-

logical age of 20 (a ¼ 10). Observed that, this label distribu-

tion explicitly model the cross age correlations, since both

the chronological age 20 and the neighboring ages 19 and 21

can be used to describe the appearance of this 20-year-old
face, due to the appearance similarity of the neighboring

ages.
321We have formulated age estimation as an LDL problem,
322then our goal is to learn a mapping function g : x! d
323between an facial image x and its corresponding label distribu-
324tion d by a decision tree basedmodel T described in Section 3.
325Since our target, label distribution, is a discrete distribution,
326accordingly each leaf node ‘ 2 L in the LDL tree T holds a
327probability mass distribution pp‘ ¼ ðp‘1 ;p‘2 ; . . . ;p‘C Þ

T over Y,
328i.e., p‘c 2 ½0; 1� and

PC
c¼1 p‘c ¼ 1. Then the output of the tree T

329w.r.t. x, i.e., themapping function g, is given by

gðx;QQ; T Þ ¼
X
‘2L

P ð‘jx;QQÞpp‘: (4) 331331

332

3334.2 Tree Optimization

334Given a training set S ¼ fðxi;diÞgNi¼1, our goal is to learn a
335LDL tree T described in in Section 4.1 which can output a dis-
336tribution gðxi;QQ; T Þ similar to di for each sample xi. To this

Fig. 3. The subtree rooted at node n: T n and its left and right subtrees:
T nl and T nr .

Fig. 4. Generated label distribution for a facial image at the chronological
age of 20 (a ¼ 20).
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337 end, a straightforward way is to minimize the Kullback-Lei-
338 bler (K-L) divergence between each gðxi;QQ; T Þ and di, or
339 equivalently tominimize the following cross-entropy loss:

Rðpp;QQ;SÞ ¼ � 1

N

XN
i¼1

XC
c¼1

dycxi log ðgcðxi;QQ; T ÞÞ

¼ � 1

N

XN
i¼1

XC
c¼1

dycxi log
�X

‘2L
P ð‘jxi;QQÞp‘c

�
; (5)

341341

342 where pp denotes the distributions held by all the leaf nodes
343 L and gcðxi;QQ; T Þ is the cth output unit of gðxi;QQ; T Þ.
344 Learning the tree T requires the estimation of two
345 parameters: 1) the split node parameter QQ and 2) the distri-
346 butions pp held by the leaf nodes. Next we introduce the
347 optimization process in detail following the framework
348 described in Section 3.

349 4.2.1 Learning Split Nodes w/ Deterministic Annealing

350 by Gradient Descent

351 In this section, we describe how to learn the parameterQQ for
352 split nodes, when the distributions held by the leaf nodes pp
353 are fixed. We found that, empirically (also shown in [19])
354 minimization of Rðpp;QQ;SÞ w.r.t. QQ would gradually pro-
355 duce almost hard data partitions, i.e., P ð‘jxi;QQÞ approaches
356 0 or 1. But it is better to enforce P ð‘jxi;QQÞ to be uniform for
357 all ‘ 2 L, i.e., maintain more uncertainty, at the beginning of
358 minimization. Inspired by [22], we introduce a Determin-
359 istic Annealing process into this optimization, which mini-
360 mizes Rðpp;QQ;SÞ subject to a specified level of uncertainty.
361 The level of uncertainty is measured by the Shannon
362 entropy

HðQQ;SÞ ¼ � 1

N

XN
i¼1

X
‘2L

P ð‘jxi;QQÞlogP ð‘jxi;QQÞ: (6)

364364

365 Then we reformulate the original loss function Eq. (5) to be

Eðpp;QQ;S; T Þ ¼ Rðpp;QQ;SÞ � THðQQ;SÞ; (7)
367367

368 where T is the temperature parameter. During the DA pro-
369 cess, Eðpp;QQ;S; T Þ is then gradually deformed to its original
370 form, i.e., Rðpp;QQ;SÞ, by decreasing the temperature T ! 0.
371 From the DA viewpoint, minimization the original loss
372 function corresponds to a “zero temperature” system,
373 where each input sample must make a hard decision about
374 which leaf node it would fall into. This is hard at the begin-
375 ning of the minimization. On the other hand, starting at
376 high T smoothes the loss function Eðpp;QQ;S; T Þ making it
377 easier to get a good minimum, which can be traced by
378 slowly decreasing T (“cooling” the system). By introducing
379 this DA process, we start with each input sample equally
380 influencing all leaf nodes and gradually localize the influ-
381 ence. This gives us some intuition as to how the system
382 searches for a better optimum [22]. We use a simple cooling
383 schedule to decrease T during optimization: T  hT , where
384 h is a constant less than 1.
385 We compute the gradient of the loss Eðpp;QQ;S; T Þw.r.t.QQ
386 by the chain rule

@Eðpp;QQ;S; T Þ
@QQ

¼
XN
i¼1

X
n2N

@Eðpp;QQ;S; T Þ
@f’ðnÞðxi;QQÞ

@f’ðnÞðxi;QQÞ
@QQ

;

(8)
388388

389where only the first term depends on the tree. The second
390term depends on the specific type of the function f’ðnÞ. The
391first term is given by

@Eðpp;QQ;S; T Þ
@f’ðnÞðxi;QQÞ

¼ @Rðpp;QQ;SÞ
@f’ðnÞðxi;QQÞ

� T
@HðQQ;SÞ

@f’ðnÞðxi;QQÞ

¼ 1

N

�
snðxi;QQÞ

�
Dnr

i � TSnr
i

�
�
�
1� snðxi;QQÞ

��
D

nl
i � TS

nl
i

��
;

(9)

393393

394where for a generic node n 2 N

Dn
i ¼

XC
c¼1

dycxi
gcðxi;QQ; T nÞ
gcðxi;QQ; T Þ ¼

XC
c¼1

dycxi

P
‘2Ln P ð‘jxi;QQÞp‘cP
‘2L P ð‘jxi;QQÞp‘c

;

(10)
396396

397and

Sn
i ¼

X
‘2Ln

�
P ð‘jxi;QQÞ þ P ð‘jxi;QQÞlogP ð‘jxi;QQÞ

�
: (11)

399399

400Both Dn
i and Sn

i can be efficiently computed for all nodes n
401in the tree T by a single pass over the tree. Observing that
402Dn

i ¼ D
nl
i þDnr

i and Sn
i ¼ S

nl
i þ Snr

i , the computation for Dn
i

403and Sn
i can be started at the leaf nodes and conducted in a

404bottom-up manner. Following Eq. (9), the split node param-
405eters QQ can be learned by standard Back-propagation.

4064.2.2 Learning Leaf Nodes by Variational Bounding

407Note that, since the entropy term introduced in Eq. (7) is
408constant w.r.t. to pp, thus it does not influence the learning of
409leaf nodes. By fixing the parameterQQ, we show how to learn
410the distributions at the leaf nodes pp, which is a constrained
411convex optimization problem

min
pp

Rðpp;QQ;SÞ; s:t:; 8‘;
XC
c¼1

p‘c ¼ 1: (12)

413413

414We address this constrained convex optimization problem
415by Variational Bounding [20], [21]. In Variational Bounding,
416the original objective function to be minimized gets replaced
417by tight upper bounds in an iterative manner. A tight upper
418bound for the loss function Rðpp;QQ;SÞ can be obtained by
419Jensen’s inequality

Rðpp;QQ;SÞ ¼ � 1

N

XN
i¼1

XC
c¼1

dycxi log
�X

‘2L
P ð‘jxi;QQÞp‘c

�

� � 1

N

XN
i¼1

XC
c¼1

dycxi

X
‘2L

rð‘j�p‘c ; xiÞlog
�P ð‘jxi;QQÞp‘c

rð‘j�p‘c ; xiÞ

�
;

(13)

421421

422where rð‘jp‘c ; xiÞ ¼
P ð‘jxi;QQÞp‘c
gcðxi;QQ;T Þ and it has the property that

423rð‘jp‘c ; xiÞ 2 ½0; 1� and
P

‘2L rð‘jp‘c ; xiÞ ¼ 1. Note that when

pp ¼ �pp, the equality holds, which indicates this upper bound

is tight. We define
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fðpp; �ppÞ ¼ � 1

N

XN
i¼1

XC
c¼1

dycxi

X
‘2L

rð‘j�p‘c ; xiÞlog
�P ð‘jxi;QQÞp‘c

rð‘j�p‘c ; xiÞ

�
:

(14)

Then fðpp; �ppÞ is a tight upper bound for Rðpp;QQ;SÞ, which has

424 the properties that for any pp and �pp, fðpp; �ppÞ � fðpp;ppÞ ¼
425 Rðpp;QQ;SÞ and fð�pp; �ppÞ ¼ Rð�pp;QQ;SÞ. These two properties

426 hold the conditions for Variational Bounding.

427 Assume that we are at a point ppðtÞ corresponding to the tth

428 iteration, then fðpp;ppðtÞÞ is a tight upper bound for Rðpp;QQ;SÞ.
429 In the next iteration, ppðtþ1Þ is chosen such that fðppðtþ1Þ;ppðtÞÞ �
430 RðppðtÞ;QQ;SÞ, which implies Rðppðtþ1Þ;QQ;SÞ � RðppðtÞ;QQ;SÞ.
431 Consequently, we can minimize fðpp; �ppÞ instead of Rðpp;QQ;SÞ
432 after ensuring that RðppðtÞ;QQ;SÞ ¼ fðppðtÞ; �ppÞ, i.e., �pp ¼ ppðtÞ. So

433 we have

ppðtþ1Þ ¼ argmin
pp

fðpp;ppðtÞÞ; s:t:; 8‘;
XC
c¼1

p‘c ¼ 1; (15)

435435

436 which leads to minimizing the Lagrangian defined by

’ðpp;ppðtÞÞ ¼ fðpp;ppðtÞÞ þ
X
‘2L

�‘

XC
c¼1

p‘c � 1

 !
; (16)

438438

439 where �‘ is the Lagrange multiplier. By setting @’ðpp;ppðtÞÞ
@p‘c

¼ 0,

440 we have

�‘ ¼
1

N

XN
i¼1

XC
c¼1

dycxirð‘jp
ðtÞ
‘c
; xiÞ;

p
ðtþ1Þ
‘c

¼
PN

i¼1 d
yc
xi
rð‘jpðtÞ‘c ; xiÞPC

c¼1
PN

i¼1 d
yc
xirð‘jp

ðtÞ
‘c
; xiÞ

:

(17)

442442

443 Note that, p
ðtþ1Þ
‘c

satisfies thatpðtþ1Þ‘c
2 ½0; 1� and

PC
c¼1 p

ðtþ1Þ
‘c

¼ 1.

444 Eq. (17) is the update scheme for distributions held by the leaf

445 nodes. The starting point pp
ð0Þ
‘ can be simply initialized by the

446 uniformdistribution: p
ð0Þ
‘c
¼ 1

C.

447 4.3 Learning an LDL Forest

448 An LDL forest is an ensemble of LDL decision trees
449 F ¼ fT 1; . . . ; T Kg. In the training stage, all trees in the for-
450 est F use the same parameters QQ for feature learning func-
451 tion fð�;QQÞ (but correspond to different output units of f
452 assigned by ’, see Fig. 2), but each tree has independent leaf
453 node predictions pp. The loss function for a forest is given by
454 averaging the loss functions for all individual trees

EF ¼
1

K

XK
k¼1

ET k ; (18)

456456

457 where ET k is the loss function for tree T k defined by Eq. (7).
458 To learn QQ by fixing the leaf node predictions pp of all the
459 trees in the forest F , based on the derivation in Section 4.2
460 and referring to Fig. 2, we have

@EF
@QQ
¼ 1

K

XN
i¼1

XK
k¼1

X
n2N k

@ET k

@f’kðnÞðxi;QQÞ
@f’kðnÞðxi;QQÞ

@QQ
; (19)

462462

463 where N k and ’kð�Þ are the split node set and the index
464 function of T k, respectively, and the first term of the right

465 side
@ET k

@f’kðnÞðxi;QQÞ
is computed by Eq. (9). Note that, the index

function ’kð�Þ for each tree is randomly assigned before tree
learning, and thus split nodes correspond to a subset of out-

put units of f. This strategy is similar to the random sub-

space method [44], which increases the randomness in

training to reduce the risk of over-fitting. For the tempera-

ture parameter T introduced in each ET k , we initialize it as

a large value T0 (T0 > 0) and decrease it by the simple cool-

ing schedule described in Section 4.2.1: T  hT , where h is

a constant cooling factor less than 1.
466As for pp, since each tree in the forest F has its own leaf
467node predictions pp, we can update them independently by
468Eq. (17). For implementational convenience, we do not con-
469duct this update scheme on the whole dataset S but on a set
470of mini-batches B. The training procedure of an LDLF is
471shown in Algorithm. 1.

472Algorithm 1. The Training Procedure of a DLDLF

473Require: S: training set
474Require: nB: the number of mini-batches to update pp,
475Require: T0: a starting temperature parameter
476Require: h: a constant cooling factor
477Initialize QQ randomly and pp uniformly
478Set B ¼ f;g and T ¼ T0

479whileNot converge do
480while jBj < nB do
481Randomly select a mini-batch B from S
482Update QQ by Gradient Descent (Eqs. (19), (9)) on B
483B ¼ B

S
B

484end while
485Update pp by iterating Eq. (17) on B
486B ¼ f;g
487if T � 0 then
488T  hT
489end if
490end while

491In the testing stage, the output of the forest F is given by
492averaging the predictions from all the individual trees

gðx;QQ;FÞ ¼ 1

K

XK
k¼1

gðx;QQ; T kÞ: (20)

494494

495Then the predicted age value is given by ŷ ¼ yc� , where
496c� ¼ argmincgcðx;QQ;FÞ.

4975 AGE ESTIMATION BY DEEP

498REGRESSION FORESTS

499In this section, we describe Deep Regression Forests (DRFs)
500for age estimation. Similar to the previous section, we first
501introduce how to learn a single differentiable regression
502tree, then describe how to learn tree ensembles to form a
503forest.

5045.1 Problem Formulation

505We formulate age estimation as a regression problem,
506where we regard age as a continues numerical value: Let
507X ¼ Rm denote the input facial image space and Y ¼ R

508denote the output age space. For a facial image x 2 X , its
509chronological age value is y 2 Y. The objective of regression
510is to find a mapping function g : x! y between an input
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511 sample x and its output target y. A standard way to address
512 this problem is to model the conditional probability func-
513 tion pðyjxÞ, so that the mapping is given by

ŷ ¼ gðxÞ ¼
Z

ypðyjxÞdy: (21)515515

516

517 We propose to model this conditional probability by a
518 decision tree based structure T described in Section 3. Each
519 leaf node ‘ 2 L in the regression tree T holds a probability
520 density distribution p‘ðyÞ over Y, i.e,

R
p‘ðyÞdy ¼ 1. The con-

521 ditional probability function pðyjx; T Þ given by the tree T is

pðyjx; T Þ ¼
X
‘2L

P ð‘jx;QQÞp‘ðyÞ: (22)

523523

524 Then the mapping between x and y modeled by tree T is
525 given by ŷ ¼ gðx; T Þ ¼

R
ypðyjx; T Þdy.

526 5.2 Tree Optimization

527 Given a training set S ¼ fðxi; yiÞgNi¼1, learning a regression
528 tree T leads to minimizing the following negative log likeli-
529 hood loss:

Rðpp;QQ;SÞ ¼ � 1

N

XN
i¼1

log ðpðyijxi; T ÞÞ

¼ � 1

N

XN
i¼1

log
�X

‘2L
P ð‘jxi;QQÞp‘ðyiÞ

�
;

(23)

531531

532 where pp denotes the density distributions contained by all the
533 leaf nodes L. To optimize Rðpp;QQ;SÞ w.r.t. the split node
534 parameter QQ and the density distributions pp held by leaf
535 nodes, we also follow the optimization framework described
536 in Section 3, i.e., alternating the following two steps: (1) fixing
537 pp and optimizing QQ; (2) fixing QQ and optimizing pp, until con-
538 vergence or amaximumnumber of iterations is reached.

539 5.2.1 Learning Split Nodes w/ Deterministic Annealing

540 by Gradient Descent

541 Now,wediscuss how to learn the parameterQQ for split nodes,
542 when the density distributions held by the leaf nodes pp

543 are fixed. We introduce the same DA process described in
544 Section 4.2.1 into the optimization for split node parameterQQ,
545 which reformulates the original regression loss Eq. (23) as the
546 same form as Eq. (7), i.e.,Eðpp;QQ;S; T Þ ¼ Rðpp;QQ;SÞ � THðQQ;SÞ.
547 We use the same cooling schedule in Section 4.2.1 to decrease
548 T during optimization: T  hT . Similarly, we compute the

549 gradient @Eðpp;QQ;S;TÞ
@QQ by the chain rule, andwe have

@Eðpp;QQ;S; T Þ
@f’ðnÞðxi;QQÞ

¼ @Rðpp;QQ;SÞ
@f’ðnÞðxi;QQÞ

� T
@HðQQ;SÞ

@f’ðnÞðxi;QQÞ

¼ 1

N

�
snðxi;QQÞ

�
Gnr
i � TSnr

i

�
�
�
1� snðxi;QQÞ

��
G
nl
i � TS

nl
i

��
;

(24)

551551

552 where for a generic node n 2 N

Gn
i ¼

pðyijxi; T nÞ
pðyijxi; T Þ

¼
P

‘2Ln P ð‘jxi;QQÞp‘ðyiÞ
pðyijxi; T Þ

; (25)
554554

555and Sn
i is computed by Eq. (11). Gn

i can be also efficiently
556computed for all nodes n in the tree T by a single pass over
557the tree. Observing that Gi

n ¼ Gi
nl
þ Gi

nr
, the computation for

558Gi
n can be started at the leaf nodes and conducted in a

559bottom-up manner. Based on Eq. (24), the split node param-
560eters QQ can be learned by standard Back-propagation.

5615.2.2 Learning Leaf Nodes by Variational Bounding

562By fixing the split node parameters QQ, learning the leaf
563nodes parameters pp becomes a constrained optimization
564problem

min
pp

Rðpp;QQ;SÞ; s:t:; 8‘;
Z

p‘ðyÞdy ¼ 1: (26)

566566

567For efficient computation, we represent each density distri-
568bution p‘ðyÞ by a parametric model. Since ideally each leaf
569node corresponds to a compact homogeneous subset, we
570assume that the density distribution p‘ðyÞ in each leaf node
571is a Gaussian distribution, i.e.,

p‘ðyÞ ¼
1ffiffiffiffiffiffi
2p
p

s‘

exp

 
� ðy� m‘Þ2

2s2
‘

!
; (27)

573573

574where m‘ and s‘ are the mean and the covariance matrix
575of the Gaussian distribution. Based on this assumption,
576Eq. (26) is equivalent to minimizing Rðpp;QQ;SÞ w.r.t. m‘ and
577s‘. We also propose to address this optimization problem
578by Variational Bounding [20], [21]. To obtain a tight upper
579bound of Rðpp;QQ;SÞ, we apply Jensen’s inequality to it

Rðpp;QQ;SÞ ¼ � 1

N

XN
i¼1

log

 X
‘2L

P ð‘jxi;QQÞp‘ðyiÞ
!

¼ � 1

N

XN
i¼1

log

 X
‘2L

rð‘j�pp; yi; xiÞ
P ð‘jxi;QQÞp‘ðyiÞ
rð‘j�pp; yi; xiÞ

!

� � 1

N

XN
i¼1

X
‘2L

rð‘j�pp; yi; xiÞlog
 
P ð‘jxi;QQÞp‘ðyiÞ
rð‘j�pp; yi; xiÞ

!

¼ Rð�pp;QQ;SÞ � 1

N

XN
i¼1

X
‘2L

rð‘j�pp; yi; xiÞlog
 
p‘ðyiÞ
�p‘ðyiÞ

!
;

(28)
581581

582where rð‘jpp; yi; xiÞ ¼
P ð‘jxi;QQÞp‘ðyiÞ

pðyijxi;T Þ
and it has the property that

583rð‘jpp; yi; xiÞ 2 ½0; 1� and
P

‘2L rð‘jpp; yi; xiÞ ¼ 1. Note that,

when pp ¼ �pp, the equality holds, which indicates this upper

bound is tight. Let us define

fðpp; �ppÞ ¼ Rð�pp;QQ;SÞ � 1

N

XN
i¼1

X
‘2L

rð‘j�pp; yi; xiÞlog
�p‘ðyiÞ
�p‘ðyiÞ

�
:

(29)

Then fðpp; �ppÞ is a tight upper bound for Rðpp;QQ;SÞ, which
has the properties that for any pp and �pp, fðpp; �ppÞ � fðpp;ppÞ ¼
Rðpp;QQ;SÞ and fð�pp; �ppÞ ¼ Rð�pp;QQ;SÞ. These two properties
give the conditions for Variational Bounding.

584Recall that we parameterize p‘ðyÞ by two parameters: the
585mean m‘ and the covariance matrix s‘. Let mm and ss denote
586these two parameters held by all the leaf nodes L. We define
587cðmm; �mmÞ ¼ fðpp; �ppÞ, then cðmm; �mmÞ � fðpp;ppÞ ¼ cðmm;mmÞ ¼ Rðpp;
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588 QQ;SÞ, which indicates that cðmm; �mmÞ is also a tight upper
589 bound for Rðpp;QQ;SÞ. Assume that we are at a point mmðtÞ cor-
590 responding to the tth iteration, then cðmm;mmðtÞÞ is a tight
591 upper bound for Rðpp;QQ;SÞ. In the next iteration, mmðtþ1Þ is
592 chosen such that cðmmðtþ1Þ;mmÞ � RðppðtÞ;QQ;SÞ, which implies
593 Rðppðtþ1Þ;QQ;SÞ � RðppðtÞ;QQ;SÞ. Therefore, we can minimize
594 cðmm; �mmÞ instead of Rðpp;QQ;SÞ after ensuring that RðppðtÞ;
595 QQ;SÞ ¼ cðmmðtÞ; �mmÞ, i.e., �mm ¼ mmðtÞ. Thus, we have

mmðtþ1Þ ¼ argmin
mm

cðmm;mmðtÞÞ: (30)

597597

598 The partial derivative of cðmm;mmðtÞÞw.r.t. m‘ is computed by

@cðmm;mmðtÞÞ
@m‘

¼ @fðpp;ppðtÞÞ
@mm‘

¼ � 1

N

XN
i¼1

rð‘jppðtÞ; yi; xiÞs�1‘ ðyi � m‘Þ:
(31)

600600

601 By setting @cðmm;mmðtÞÞ
@m‘

¼ 0, we have

m
ðtþ1Þ
‘ ¼

PN
i¼1 rð‘jppðtÞ; yi; xiÞyiPN
i¼1 rð‘jppðtÞ; yi; xiÞ

: (32)

603603

604 Similarly, we define nðss; �ssÞ ¼ fðpp; �ppÞ, then

ssðtþ1Þ ¼ argmin
ss

nðss; ssðtÞÞ: (33)
606606

607 The partial derivative of nðss; ssðtÞÞw.r.t. s‘ is obtained by

@nðss; ssðtÞÞ
@s‘

¼ @fðpp;ppðtÞÞ
@s‘

¼ � 1

N

XN
i¼1

rð‘jppðtÞ; yi; xiÞ
�
� 1

2
s�1‘ þ

1

2
s�2‘ ðyi � m

ðtþ1Þ
‘ Þ2

�
:

(34)
609609

610 By Setting @nðss;ssðtÞÞ
@s‘

¼ 0, we have

s
ðtþ1Þ
‘ ¼

PN
i¼1 rð‘jppðtÞ; yi; xiÞðyi � m

ðtþ1Þ
‘ Þ2PN

i¼1 rð‘jppðtÞ; yi; xiÞ
: (35)

612612

613 Eqs. (32) and (35) are the update functions for the density
614 distribution pp held by all leaf nodes, which are step-size
615 free and fast-converged.

616 5.2.3 Learning Leaf Nodes w/ Deterministic Annealing

617 w/o Initialization

618 One issue remained is how to initialize the starting point
619 mmð0Þ and ssð0Þ. Note that Rðpp;QQ;SÞ is convex w.r.t. pp, but is
620 non-convex w.r.t. mm and ss. Consequently, based on the
621 update functions Eqs. (32) and (35), Rðpp;QQ;SÞ may con-
622 verge to a poor local minimum, if mmð0Þ and ssð0Þ are not well
623 initialized. In our previous work [29], we did k-means clus-
624 tering on fyigNi¼1 to obtain jLj subsets, then initialized mmð0Þ

625 and ssð0Þ according to cluster assignment. Here, inspired
626 by [23], [24] we propose a deterministic annealing algorithm
627 for the above optimization problem, which leads to an ini-
628 tialization free solution to avoid poor local minimum. In [23],
629 [24], a deterministic annealing Expectation-Maximization
630 (EM) algorithm was presented for Maximum Likelihood
631 Estimation (MLE) problems to obtain better estimates free

632of the initial parameter values, in which a new posterior
633parameterized by “temperature” is derived by using the
634principle of maximum entropy and is used for controlling
635the annealing process. To apply this strategy to our optimi-
636zation problem, we first rewrite Eq. (28) in the form of Neal
637andHinton’s free energy [45]

Jðr;ppÞ ¼

� 1

N

XN
i¼1

�
Er

�
log
�
P ð‘jxi;QQÞp‘ðyiÞ

��
� Er½logr�

�
;

(36)

639639

640where Er½�� denotes the expectation w.r.t. conditional proba-
641bility rð‘jpp; yi; xiÞ. For a fixed pp, when rð‘jpp; yi; xiÞ ¼
642

P ð‘jxi;QQÞp‘ðyiÞ
pðyi jxi;T Þ

, Jðr;ppÞ achieves its minimum, i.e., Jðr;ppÞ 	
643Rðpp;QQ;SÞ. rð‘jpp; yi; xiÞ is the posterior in this MLE problem,
644which plays an important role in the optimization (see
645Eqs. (32) and (35)). However, since initial values mmð0Þ and ssð0Þ

646are not guaranteed to be near the true ones, rð‘jpp; yi; xiÞ may
647be unreliable at early stages of optimization. Ideally, the influ-
648ence of this conditional probability should beweakened at the
649beginning, and as the optimization proceeds, the effect should
650be strengthened. To this ends, we want to seek another condi-
651tional probability %ð‘jpp; yi; xiÞ to replace rð‘jpp; yi; xiÞ by
652extending Eq. (36) to a deterministic annealing variant

J 0ð%;pp; tÞ ¼

� 1

N

XN
i¼1

�
E%

�
log
�
P ð‘jxi;QQÞp‘ðyiÞ

��
� 1

t
E%½log %�

�
;

(37)

654654

655where 1
t
is the temperature parameter. Note that, when

656t ¼ 1, J 0 	 J . According to Neal and Hinton’s theory [45],
657the minimization of J 0ð%;pp; tÞ can be performed by the fol-
658lowing Coordinate Descent iterations:

659� Set %ðtþ1Þ to % that minimizes J 0ð%;ppðtÞ; tÞ
660� Set ppðtþ1Þ to pp that minimizes J 0ð%ðtþ1Þ;pp; tÞ
661Given ppðtÞ, %ðtþ1Þ is obtained by minimizing J 0ð%;ppðtÞ; tÞ
662w.r.t. % under the constraint

P
‘2L % ¼ 1

@J 0ð%;ppðtÞ; tÞ
@%

¼

� log
�
P ð‘jxi;QQÞpðtÞ‘ ðyiÞ

�
þ 1

t
ðlog %þ 1Þ þ � ¼ 0;

(38)

664664

665where � is a Lagrange multiplier. Thus, we have

%ðtþ1Þð‘jppðtÞ; yi; xiÞ ¼
�
P ð‘jxi;QQÞpðtÞ‘ ðyiÞ

�tP
‘2L
�
P ð‘jxi;QQÞpðtÞ‘ ðyiÞ

�t : (39)

667667

668Then, by fixing %ð‘jppðtÞ; yi; xiÞ ¼ %ðtþ1Þð‘jppðtÞ; yi; xiÞ, minimiz-
669ing J 0ð%ðtþ1Þ;pp; tÞw.r.t. pp leads to

m
ðtþ1Þ
‘ ¼

PN
i¼1 %ð‘jppðtÞ; yi; xiÞyiPN
i¼1 %ð‘jppðtÞ; yi; xiÞ

; (40)
671671

672and

s
ðtþ1Þ
‘ ¼

PN
i¼1 %ð‘jppðtÞ; yi; xiÞðyi � m

ðtþ1Þ
‘ Þ2PN

i¼1 %ð‘jppðtÞ; yi; xiÞ
: (41)

674674

675Comparing the two groups of update functions for leaf
676nodes, i.e., Eq. (32) versus Eq. (40) and Eq. (35) versus Eq. (41),
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677 the only difference between them is that the posterior is
678 changed from rð‘jpp; yi; xiÞ to %ð‘jpp; yi; xiÞ. When t ! 0, the

679 posterior %ð‘jpp; yi; xiÞ becomes uniform distribution, i.e.,

680 %ð‘jpp; yi; xiÞ  1
jLj. Thus, for a small enough t, no matter how

681 mmð0Þ and ssð0Þ are initialized, %ð‘jpp; yi; xiÞ does not influence

the optimization, since J 0ð%;pp; tÞ always has the minimum:
m‘ ¼ 1

N

PN
i¼1 yi, s‘ ¼ 1

N

PN
i¼1ðyi � m‘Þ2. Then, by gradually

increasing t (decreasing the temperature), %ð‘jpp; yi; xiÞ grad-
ually becomes nonuniform, and the influence of %ð‘jpp; yi; xiÞ
in the optimization is increasedly strengthened. In this

annealing process, we also start with each input sample

equally influencing all leaf nodes and gradually localize the

influence, which is a well-known strategy to obtain better

optima [22].

682 5.3 Learning a Regression Forest

683 We use the same strategies in Section 4.3 to learn a regres-
684 sion forest. A regression forest is an ensemble of regression
685 trees F ¼ fT 1; . . . ; T Kg, where all trees can possibly share
686 the same parameters in QQ, but each tree can have a different
687 set of split functions (assigned by ’, as shown in Fig. 2), and
688 independent leaf node distribution pp. The loss function for
689 a regression forest is also defined as the averaged loss func-
690 tions of all individual trees (Eq. (18)). Learning the forest F
691 also follows the alternating optimization strategy described
692 in Section 5.2. To learn QQ, we have the gradient of the forest
693 loss given in Eq. (18), but the first term of the right side is
694 computed by Eq. (24). For the temperature parameter T
695 introduced when optimizing QQ, we use the same initializa-
696 tion and cooling schedule described in Section 4.3. The leaf
697 node distribution pp of each tree in the forest F is updated
698 independently according to Eqs. (40) and (41). For the tem-
699 perature parameter t introduced in optimizing pp, we initial-
700 ize it as a small value t0 (t0 < 1) and gradually increase it
701 by t  t=h until t ¼ 1, where h is a constant cooling factor
702 less than 1. The training procedure of a DRF is shown in
703 Algorithm 2.

704 Algorithm 2. The Training Procedure of a DRF

705 Require: S: training set
706 Require: nB: the number of mini-batches to update pp
707 Require: T0; t0: two starting temperature parameters
708 Require: h: a constant cooling factor
709 Initialize QQ and pp randomly.
710 Set B ¼ f;g, T ¼ T0 and t ¼ t0
711 whileNot converge do
712 while jBj < nB do
713 Randomly select a mini-batch B from S
714 Update QQ by Gradient Descent (Eqs. (19), (24)) on B
715 B ¼ B

S
B

716 end while
717 Update pp by iterating Eqs. (40) and (41) on B
718 B ¼ f;g
719 if T � 0 then
720 T  hT
721 end if
722 if t < 1 then
723 t  t=h
724 end if
725 end while

726In the testing stage, the output of the forest F is given by
727averaging the predictions from all the individual trees

ŷ ¼ gðx;FÞ ¼ 1

K

XK
k¼1

gðx; T kÞ

¼ 1

K

XK
k¼1

Z
ypðyjx; T kÞdy

¼ 1

K

XK
k¼1

Z
y
X
‘2Lk

P ð‘jx;QQÞp‘ðyÞdy

¼ 1

K

XK
k¼1

X
‘2Lk

P ð‘jx;QQÞm‘;

(42)

729729

730where Lk is the leaf node set of the kth tree. Here, we take
731the fact that the expectation of the Gaussian distribution
732p‘ðyÞ is m‘.

7336 EXPERIMENTS

734In this section, we first introduce our experimental setup
735including the datasets, evaluation metrics, and implementa-
736tion details. Then we compare our results with others to
737show the effectiveness of our algorithms. After that, we con-
738duct elaborate ablation experiments to study the influence
739of different designs and variants of our methods. Finally,
740we discuss the comparison between our DLDLF and
741DRF, visualizations of the learned leaf nodes, the hyper-
742parameters and performance variance brought by random
743assignment ’ð�Þ.

7446.1 Experimental Setup

7456.1.1 Datasets

746We conduct our experiments on three standard bench-
747marks: MORPH [25], FG-NET [26] and the Cross-Age Celeb-
748rity Dataset [27]. Some examples of these three datasets are
749illustrated in Fig. 5.
750MORPH. MORPH is the most popular dataset for age
751estimation, which contains more than 55,000 images from
752about 13,000 people of different races. Each of the facial
753image is annotated with a chronological age. The ethnicity
754of MORPH is very unbalanced, as more than 96 percent of
755the facial images are from African or European people.
756Existing methods adopted different experimental setups
757on MORPH. The first setup (Setup I) is introduced in [3], [6],
758[31], [33], [46], [47], [48], which selects 5,492 images of

Fig. 5. Some examples of MORPH [25], FG-NET [26] and CACD [27].
The number below each image is the chronological age of each subject.
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759 Caucasian people from the original MORPH dataset, to
760 reduce the cross-ethnicity effects. In Setup I, these 5,492
761 images are randomly partitioned into two subsets: 80 percent
762 of the images are selected for training and others for testing.
763 The random partition is repeated 5 times, and the final perfor-
764 mance is averaged over these 5 different partitions.
765 The second setup (Setup II) is used in [8], [34], [37], under
766 which all of the images in MORPH are randomly split into
767 training/testing (80/20 percent) sets. The random splitting
768 is performed 5 times repeatedly and the final performance
769 is obtained by averaging the performances of these 5 differ-
770 ent splits.
771 There are also several methods [11], [49], [50] using the
772 third setup (Setup III), which randomly selected a subset
773 (about 21,000 images) from MORPH and restricted the ratio
774 between Black and White and the one between Female and
775 Male are 1:1 and 1:3, respectively.
776 FG-NET. FG-NET [26] is also a widely used dataset for
777 age estimation. It contains 1,002 facial images of 82 individ-
778 uals, in which most of them are white people. Each individ-
779 ual in FG-NET has more than 10 photos taken at different
780 ages. The images in FG-NET have a large variation in light-
781 ing conditions, poses and expressions.
782 Following the experimental setup used in [3], [31], [46],
783 [51], [52], we perform “leave one out” cross validation on
784 this dataset, i.e., we leave images of one person for testing
785 and take the remaining images for training.
786 CACD. CACD [27] is a large dataset which has around
787 160,000 facial images of 2,000 celebrities collected from the
788 Internet. These celebrities are divided into three subsets: the
789 training set, the testing set and the validation set which con-
790 sist of 1,800 celebrities, 120 celebrities and 80 celebrities,
791 respectively. The validation and testing sets are clean but
792 the training set is noisy.
793 For evaluation we adopt the setup used in [3]. They
794 report results on the testing set obtained by using the mod-
795 els trained on the training set and the validation set,
796 respectively.

797 6.1.2 Evaluation Metric

798 The performance of age estimation is evaluated in terms of
799 mean absolute error (MAE) as well as Cumulative Score
800 (CS). MAE is the average absolute error over the testing set,
801 and the Cumulative Score is calculated by CSðlÞ ¼ Kl

K � 100%,
802 where K is the total number of testing images and Kl is the
803 number of testing facial images whose absolute error
804 between the estimated age and the ground truth age is not
805 greater than l years. Here, we set the same error level 5 as
806 in [33], [46], [53], i.e., l ¼ 5. Note that, since not all the meth-
807 ods reported the Cumulative Score, we are only able to give
808 CS values for some competitors.

809 6.1.3 Implementation Details

810 Our realizations of DLDLFs and DRFs are based on the pub-
811 lic available “caffe” [54] framework. Following recent deep
812 learning based age estimation methods [3], [6], [37], [48], we
813 use the VGG-16 Net [55] as the CNN part of the proposed
814 DLDLFs and DRFs.
815 Parameters Setting. The forest model related hyper-
816 parameters (and the default values we used) are: number of

817trees (5), tree depth (6), number of output units produced
818by the feature learning function (128), iterations to update
819leaf-node predictions (20), number of mini-batches used to
820update leaf node predictions (50).
821The age distribution generation related hyper-parameter
822(and the default value we used) is: the pre-defined standard
823deviation a in Eq. (3) (2.0).
824The network training related hyper-parameters (and the
825values we used) are: initial learning rate (0.05), mini-batch
826size (16), maximal iterations (30k). We decrease the learning
827rate (
0:5) every 10k iterations.
828We fixed the values for the temperature parameters intro-
829duced in ourDAprocesses: T0 ¼ 1, t0 ¼ 0:5 and h ¼ 0:9.
830Preprocessing. Face alignment is a common preprocessing
831operation for age estimation [3], [5], [6], [12], [37], [50].
832Following these previous methods, we perform face align-
833ment to guarantee all eyeballs stay at the same position in the
834image: Faces are first detected by using a standard face detec-
835tior [56] and facial landmarks are localized byAAM [57].

8366.2 Performance Comparison

837In this section we compare our LDLF and DRF with other
838state-of-the-art age estimation methods on the three stan-
839dard benchmarks: MORPH [25], FG-NET [26] and the
840Cross-Age Celebrity Dataset [27].
841MORPH. We first compare the proposed LDLF and DRF
842with other state-of-the-art age estimation methods on
843MORPH. As we described before, there are three experi-
844mental setups used on this dataset. For a fair comparison,
845we test the proposed LDLF and DRF on MORPH under all
846these three setups. The quantitative results of the three set-
847tings are summarized in Tables 1, 2 and 3, respectively. As
848can be seen from these tables, our DRF and LDLF achieve
849the best and the second best performance on all of the set-
850ups, respectively, and outperform the current state-of-the-
851arts with a clear margin. This result shows the effectiveness
852of jointly learning input-dependent data partition and data
853distributions in local partitions for age estimation.
854FG-NET. We then conduct experiments on FG-NET [26].
855The quantitative comparisons on FG-NET dataset are
856shown in Table 4. As can be seen, DRF and DLDLF outper-
857form other methods significantly. Note that, they are the

TABLE 1
Performance Comparison on MORPH [25]
(Setup I)(*: The Value Is Read from the CS

Curve Shown in the Reference)

Method MAE CS

Human workers [18] 6.30 51.0 %*
AGES [58] 8.83 46.8 %*
MTWGP [59] 6.28 52.1%*
CA-SVR [46] 5.88 57.9%
SVR [31] 5.77 57.1%
DLA [47] 4.77 63.4 %*
Rank [60] 6.49 49.5%
Rothe [48] 3.45 N/A
DEX [3] 3.25 N/A
ARN [6] 3.00 N/A
DLDLF (ours) 2.94 84.7%
DRF (ours) 2.80 85.6%
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858 only two methods that have a MAE below 4.0. The age dis-
859 tribution of FG-NET is strongly biased, moreover, the “leave
860 one out” cross validation policy further aggravates the bias
861 between the training set and the testing set. The ability of
862 overcoming the bias between training and testing sets indi-
863 cates that the proposed LDLF and DRF can handle inhomo-
864 geneous data well.
865 CACD. Finally, we conduct our experiments on
866 CACD [27]. The detailed comparisons are shown in Table 5.
867 The proposed DLDLF and DRF perform better than the
868 competitor DEX [3], no matter which set they are trained
869 on. It’s worth noting that, the improvements of DLDLF and
870 DRF to DEX are much more significant when they are
871 trained on the validation set than the training set. This result
872 can be explained as follow: As described earlier, the inho-
873 mogeneous data is the main challenge for training age
874 estimation models. This challenge can be alleviated by
875 enlarging the number of the training samples. Therefore,
876 DEX, DLDLF and DRF achieve comparable results when
877 they are trained on the training set. But when they are
878 trained on the validation set, which is much smaller than
879 the training set, DLDLF and DRF, especially DRF, outper-
880 form DEX significantly, because DLDLF and DRF directly
881 address the inhomogeneity challenge. Therefore, DLDLF
882 and DRF are capable of handling inhomogeneous data even
883 when learned from a small set.

884 6.3 Ablation Study

885 We conduct some ablation experiments on the MORPH
886 dataset (Setup I), to analyze the influence of different

887designs and components for our methods. We want to
888answer these questions from the ablation study: (1) Since
889we argue that age estimation is usually formulated as an
890LDL or regression problem rather than a classification prob-
891lem, what the result would be if we addressed age estima-
892tion by a deep classification forest model [19]? (2) Since we
893argue that our forest structure is important for age estima-
894tion, what the result would be if we replaced our forest
895structure by an ‘2 regression loss function? (3) Since we
896argue that the convergence of the update functions for leaf
897nodes used in NRF [43] is not guaranteed, what the result
898would be if we changed our update functions in DRFs to
899them? (4) What the result would be if the DA process for
900learning split nodes was not used (T ¼ 0)? (5) What would
901the result be if the DA process for learning leaf nodes in
902DRFs was not used (t ¼ 1), especially when leaf nodes are
903not initialized by kmeans clustering (w/o kmeans initializa-
904tion)? To answer these questions, we consider these variants
905of our methods in the ablation experiments:

906� DLDLF (T ¼ 0): the DLDLF without the DA process
907for learning split nodes, i.e., the baseline DLDLFs
908proposed in our previous work [28].
909� DLDLF (full model): the DLDLF with the DA process
910for learning split nodes, i.e., the method described in
911Section 4.
912� DRF (T ¼ 0, t ¼ 1, w/ kmeans initialization): the
913DRF without the two DA processes for learning split
914and leaf nodes and with kmeans initialization for leaf
915nodes, i.e., the baseline DRF proposed in our previ-
916ous work [29].

TABLE 2
Performance Comparison on MORPH [25]
(Setup II)(*: The Value Is Read from the CS

Curve Shown in the Reference)

Method MAE CS

IIS-LDL [8] 5.67 71.2%*
CPNN [9] 4.87 N/A
Huerta [53] 4.25 71.2%
BFGS-LDL [34] 3.94 N/A
OHRank [33] 6.07 56.3%
OR-SVM [60] 4.21 68.1%*
CCA [61] 4.73 60.5%*
LSVR [30] 4.31 66.2%*
OR-CNN [12] 3.27 81.5%
SMMR [13] 3.24 N/A
Ranking-CNN [5] 2.96 85.2%
DLDL [37] 2.42 N/A
Mean-Variance Loss [7] 2.41 91.2%
DLDLF (ours) 2.19 93.0%
DRF (ours) 2.14 91.3%

TABLE 3
Performance Comparison on MORPH [25] (Setting III)

Method MAE CS

KPLS [11] 4.18 N/A
Guo and Mu [49] 3.92 N/A
CPLF [50] 3.63 N/A
DLDLF (ours) 2.99 85.6%
DRF (ours) 2.90 82.7%

TABLE 4
Performance Comparison on FG-NET [26](*: The Value
Is Read from the CS Curve Shown in the Reference)

Method MAE CS

Human workers [18] 4.70 69.5%*
Rank [60] 5.79 66.5%*
DIF [18] 4.80 74.3%*
AGES [58] 6.77 64.1%*
IIS-LDL [8] 5.77 N/A
CPNN [9] 4.76 N/A
MTWGP [59] 4.83 72.3%*
CA-SVR [46] 4.67 74.5%
LARR [31] 5.07 68.9%*
OHRank [33] 4.48 74.4%
DLA [47] 4.26 N/A
CAM [62] 4.12 73.5%*
Rothe [48] 5.01 N/A
DEX [3] 4.63 N/A
Mean-Variance Loss [7] 4.10 78.5%*
DLDLF (Ours) 3.71 84,8%
DRF (Ours) 3.47 87.3%

TABLE 5
Performance Comparison on CACD (Measured by MAE) [27]

Trained on Dex [3] DLDLF (Ours) DRF (Ours)

CACD (train) 4.785 4.679 4.610
CACD (val) 6.521 6.162 5.630
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917 � DRF (T ¼ 0, t ¼ 1): the DRF without the two DA pro-
918 cesses for learning split and leaf nodes and also with-
919 out kmeans initialization for leaf nodes.
920 � DRF (t ¼ 1, w/ kmeans initialization): the DRF with
921 the DA process for learning split nodes, without the
922 two DA processes for leaf nodes, and with kmeans
923 initialization for leaf nodes.
924 � DRF (T ¼ 0): theDRFwithout theDAprocess for learn-
925 ing split nodes, with the two DA processes for leaf
926 nodes, andwithout kmeans initialization for leaf nodes.
927 � DRF (full model): the DRF with the two DA processes
928 for learning split and leaf nodes and without kmeans
929 initialization for leaf nodes, i.e., the method described
930 in Section 5.
931 The results of the ablation experiments are summarized
932 in Table 6.

933 6.3.1 Age Estimation by Classification

934 To formulate age estimation as a classification problem, we
935 treat each age value as a class. We apply a deep classifica-
936 tion forest model, deep neural decision forests [19], to
937 address this problem. As shown in Table 6, the age estima-
938 tion result obtained by DNDFs is much worse than the
939 results obtained by our baseline DLDLF and DRF, i.e.,
940 DLDLF (T ¼ 0) and DRF (T ¼ 0; t ¼ 1, w/ kmeans initiali-
941 zation), which evidences that age estimation is not suitable
942 to be formulated as a classification problem.

943 6.3.2 Age Estimation w/o Forest Structure

944 To verify whether our forest structure is important for age
945 estimation, we replace our forest structure by an ‘2 norm
946 (euclidean) loss function and denote this method by Deep
947 Regression. As shown in Table 6, the age estimation result
948 obtained by Deep Regression is even worse than the result
949 obtained by our baseline DRF, i.e., DRF (T ¼ 0; t ¼ 1, w/
950 kmeans initialization), which evidences the importance of
951 our forest structure.

952 6.3.3 The Update Functions for Leaf Nodes

953 The method which replaces the update functions for leaf
954 nodes in a NRF by those in a DRF is denoted by DRF-NRF.
955 For fair comparison, we also initialize leaf node distribu-
956 tions in DRF-NRF by kmeans. As can be seen, using NRF’s
957 leaf node update functions leads to a much worse result

958than our baseline DRF, i.e., DRF (T ¼ 0; t ¼ 1, w/ kmeans
959initialization), which agrees with our concern about the con-
960vergence of NRF’s leaf node update rule.

9616.3.4 The DA Process for Learning Split Nodes

962By comparing DLDLF (full model), DRF (full model) and
963DRF (t ¼ 1, w/ kmeans initialization) with DLDLF (T ¼ 0),
964DRF (T ¼ 0) and DRF (T ¼ 0, t ¼ 1, w/ kmeans initializa-
965tion), respectively, we see that using the DA process for
966learning split nodes always leads to better performances.
967We also show the dynamics of the averaged entropy
968HðQQ;SÞ over the training set S at the beginning of tree
969learning in Fig. 6, where we see for both DLDLF (full model)
970and DRF (full model), the averaged entropies HðQQ;SÞ of
971them are lager and decrease more slowly than those of
972DLDLF (T ¼ 0) and DRF (T ¼ 0). This result is consistent
973with our intuition about the DA process for learning split
974nodes described in Section 4.2.1.

9756.3.5 The DA Process for Learning Leaf Nodes

976We first compare DRF (T ¼ 0, t ¼ 1, w/ kmeans initializa-
977tion) with DRF (T ¼ 0, t ¼ 1, w/o kmeans initialization). The
978result obtained by DRF (T ¼ 0, t ¼ 1, w/o kmeans initializa-
979tion) is much worse than the one obtained by DRF (T ¼ 0,
980t ¼ 1, w/ kmeans initialization). This comparison shows that
981without the DA process for learning leaf nodes, the leaf node
982update may converge to a poor local minimum, if the leaf
983node parameters are not well initialized. We then compare
984DRF (full model) with DRF (t ¼ 1, w/ kmeans initialization),
985where we see that using the DA process for learning leaf
986nodes, evenwithoutwell initializing the leaf node parameters,
987can lead to a better performance. This comparison indicates
988that the proposed DA process for learning leaf nodes can
989avoid poor local optima and obtain better estimates of tree
990parameters free of initial parameter values.

9916.4 Discussion

9926.4.1 Comparison between DLDLFs and DRFs

993Although DLDLFs and DRFs formulate age estimation as
994different problems, both of them take the strong correlation
995between close ages of the same individual into account. The
996difference is DLDLFs explicitly model cross age correlations
997of the same individual, while DRFs do this implicitly. The
998experimental results in Section 6.2 show that DRFs always
999achieve lower (better) MAE than DLDLFs. The reason might
1000be that DRFs directly approach the precise chronological
1001ages. However, an interesting result is, for both Setup II and

TABLE 6
Ablation Study on MORPH [43] (Setup I)

Method MAE CS

DNDF [19] 3.32 80.7%
Deep Regression 3.21 81.1%
DRF-NRF (w/ kmeans initialization) [43] 3.51 75.4%
DLDLF (T ¼ 0) 3.02 81.3%
DLDLF (full model) 2.94 84.7%
DRF (T ¼ 0, t ¼ 1, w/ kmeans initialization) 2.91 82.9%
DRF (T ¼ 0, t ¼ 1) 6.91 47.8%
DRF (t ¼ 1, w/ kmeans initialization) 2.85 83.9%
DRF (T ¼ 0) 2.85 84.1%
DRF (full model) 2.80 85.6%

Fig. 6. The dynamics of the averaged entropy HðQQ;SÞ over the training
set S for DLDLFs (left) and DRFs (right) at the beginning of tree learning.
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1002 Setup III of the MORPH dataset, that DLDLFs obtain a
1003 worse MAE than DRFs, but a better CS. This is because the
1004 CS metric tolerates small prediction errors, and DLDLFs
1005 learn an age distribution, which benefits fuzzy prediction.
1006 Another reason for the worse MAEs achieved by DLDLFs is
1007 that we generate age distributions by a fixed a for different
1008 individuals, which might be inflexible in adapting to com-
1009 plex face data domains with diverse cross-age correla-
1010 tions [10]. Our future work is to learn the age distributions
1011 adaptive to different individuals [7].

1012 6.4.2 Visualization of Learned Leaf Nodes

1013 To better understand DLDLF and DRF, we visualize the dis-
1014 tributions at the leaf nodes learned on MORPH [25] (Setup I)
1015 in Figs. 7b and 7c, respectively. For reference, we also display
1016 the histogram of data samples (the vertical axis) with respect
1017 to age (the horizontal axis). Each leaf node in our DLDLF con-
1018 tains a discrete probability distribution, which is represented
1019 by a colored histogram in Fig. 7b. Each leaf node in our DRF
1020 contains a Gaussian distribution, as visualized in in Fig. 7c.
1021 The horizontal axes in both Figs. 7b and 7c represent age and
1022 the vertical axes in them represent probability and probability
1023 density, respectively (we rescale some very sharp distribu-
1024 tions in Fig. 7c for better visualization, since the peak densities
1025 of them are too large). According to Fig. 7a, the age data in
1026 MORPHwas sampledmostly below age 60, and densely con-
1027 centrated around 20’s and 40’s. As shown in Figs. 7b and 7c,
1028 both of the distributions learned by DLDLF and DRF fit the
1029 age data well: The discrete distributions around 60 are more
1030 uniform than those spread in the interval between 20 and 50;
1031 The Gaussian distribution centered around 60 has much

1032larger variance than those centered in the interval between 20
1033and 50, but has smaller probability density. Note that,
1034although these learned distributions represent homogeneous
1035local partitions, the number of samples is not necessarily uni-
1036formly distributed among partitions. Another phenomenon is
1037these distributions are heavily overlapped, which accords
1038with the fact that different people with the same age but have
1039quite different facial appearances.

10406.4.3 Sensitivity of Hyper-Parameters

1041Now we discuss three important hyper-parameters: the tree
1042number, the tree depth and the standard deviation a in
1043Eq. (3) used for age distribution generation. We vary each of
1044them and fix the other one to the default value to see how
1045the performance changes on MORPH (Setup I).
1046Tree Number. As we stated in Section 1, the ensemble
1047strategy to learn a forest proposed in DNDFs [19] is differ-
1048ent from ours. Therefore, it is necessary to see which ensem-
1049ble strategy is better to learn a forest. Towards this end, we
1050replace our ensemble strategy by the one used in DNDFs,
1051and name the methods DLDLF-DNDF and DRF-DNDF,
1052accordingly. As shown in Fig. 8a, our ensemble strategy can
1053improve the performance by using more trees, as we
1054expected, while the one used in DNDFs leads to an even
1055worse performance than one for a single tree.
1056Tree Depth. Tree depth is another important parameter for
1057decision trees. As shown in Fig. 8b, for both DLDLF and DRF,
1058with the tree depth increase, the MAE first becomes lower
1059and then stable. One concern about the tree depth is that a
1060very deep tree may lead to underflow due to the continued
1061product form of Eq. (1). However, this will not happen in

Fig. 7. (a) Histogram of data samples with respect to age on MORPH [25] (Setup I). (b) Visualization of the learned leaf node distributions in our
DLDLF. (c) Visualization of the learned leaf node distributions in our DRF. The distributions held by different leaf nodes are in different (gradually var-
ied) colors, which are best viewed in color.

Fig. 8. Performance changes by varying (a) tree number, (b) tree depth and (c) standard deviation a on MORPH [25] (Setup I).
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1062 practice. First, according to Fig. 8b, the performance of our
1063 method becomes saturated when the tree depth is larger than
1064 6, thus it is unnecessary to use very deep trees. Second, there
1065 is an implicit constraint between tree depth h and unit num-
1066 ber m of the FC layer f: m � 2h�1 � 1. The maximum unit
1067 number of the FC layers in a typical CNN architecture, e.g.,
1068 AlexNet [63] and VGG-16Net [55], is 4096, which implies that
1069 the tree depth should not be larger than 13.
1070 Standard Deviation a. Fig. 8c shows that how the MAE of
1071 our DLDLF changes by using Gaussian distributions with
1072 different standard deviation a to generate age distributions.
1073 Note that, when a ¼ 0, the generated age distributions are
1074 one-hot, i.e., the LDL problem becomes a standard classifi-
1075 cation problem, which leads to a significant performance
1076 reduction. When a is larger, the generated age distributions
1077 are dispersive, which also leads to performance decrease.
1078 This is consistent with our intuition that neighboring ages
1079 can help to describe the face appearance of a given age but
1080 should not change the priority of the original given age.

1081 6.4.4 Performance Variance Brought by Random

1082 Assignment ’ð�Þ
1083 In our forests, CNN features are randomly selected and
1084 assigned to split nodes for forest training, as defined by the
1085 function ’ð�Þ. In order to to check whether this randomness
1086 will seriously affect performance, we train 50 DRFs on
1087 MORPH (Setup I) and find that the standard derivation of
1088 the results obtained by the 50 DRFs is only 0.01 MAE. There-
1089 fore, the random feature selection and assignment process
1090 does not seriously affect the performance. This result is
1091 plausible, since CNN features are first initialized by the val-
1092 ues computed by random weights, or weights from a pre-
1093 trained model trained for classification on Imagenet, which
1094 is a very different task than age estimation, and then the
1095 selected CNN features used in the forest will be learned and
1096 optimized for age estimation during forest training.

1097 7 CONCLUSION

1098 We proposed two Deep Differentiable Random Forests, i.e.,
1099 DeepLabel Distribution Forest (DLDLF) andDeepRegression
1100 Forest for age estimation, which learn nonlinear mapping
1101 between inhomogeneous facial feature space and ages. In
1102 these two forests, by performing soft data partition at split
1103 nodes, the forests can be connected to a deep network and
1104 learned in an end-to-endmanner, where data partition at split
1105 nodes is learned by Back-propagation and age distribution at
1106 leaf nodes is optimized by iterating a step-size free and fast-
1107 converged update rule derived fromVariational Bounding. In
1108 addition, two Deterministic Annealing processes are intro-
1109 duced into the learning of split and leaf nodes, respectively, to
1110 avoid poor local optima and obtain better estimates of tree
1111 parameters free of initial parameter values. The end-to-end
1112 learning of split and leaf nodes ensures that partition function
1113 at each split node is input-dependent and the local input-out-
1114 put correlation at each leaf node is homogeneous. Experimen-
1115 tal results showed that DLDLF and DRF achieved state-of-
1116 the-art results on three age estimation benchmarks. Our Deep
1117 Differentiable Random Forests are also applicable to other
1118 problems with inhomogeneous data, which will be investi-
1119 gated in our futurework.
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