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Abstract lizing a combination of data labeled in different ways. In

. . . what we call “weakly labeled” training data, the labeling of
The construction of appearance-based object detection . . .
systems is time-consuming and difficult because a larg ach of the image regions can take the form of a probabil-
number of training examples must be collected and manlty distribution over labels. This makes it possible to capture

ua"y labeled in order to Capture variations in Object ap- avariety of information about the training examples. For ex-
pearance. Semi-supervised training is a means for reducample, it is possible to indicate that the object of interest is
ing the effort needed to prepare the training set by train- more likely to be present toward the center of the image. Or
ing the model with a small number of fully labeled examplesit is possible to encode the knowledge that a specific image
and an additional set of unlabeled or weakly labeled exam-has a high likelihood of containing the object, but that the

ples. In this work we present a semi-supervised approachypject's position is unknown. We refer to this type of train-
to training object detection systems based on self—tralnmg.ing as “weakly labeled” or “semi-supervised”.

We implement our approach as a wrapper around the train- . :
ing process of an existing object detector and present emiJ In the rec<tan(; Iltﬁ_rart]ure, [ZO]t’ [iﬂ ?necc_jotal evu_jer:jcte ha_s
pirical results. The key contributions of this empirical study °€€N Presentedwhich suggests that semi-supervised training

is to demonstrate that a model trained in this manner can¢@n provide a performance improvementwhen applied to the
achieve results comparable to a model trained in the tradi-object detection problem. In the work presented here, we
tional manner using a much larger set of fully labeled data, perform a comprehensive empirical evaluation with the goal
and that a training data selection metric that is defined in- of characterizing and understanding these issues in order to
dependently of the detector greatly outperforms a selectiorfacilitate the broad practical application of semi-supervised
metric based on the detection confidence generated by thgaining to the object detection problem. Although, for prac-
detector. tical reasons, we use one detector for evaluation, the se-
. lected detector is representative of other recent algorithms
1. Introduction in the literature. We believe that, in the context of computer
1.1. Object Detection vision, this is the first comprehensive scale study of semi-

Object detection systems based on statistical models ofUPErvised training techniques which will be necessary in
object appearance have been quite successful in recent yea#8Y Practical application of object detection algorithms.

[18], [.19], [17], [23]. Becguse these systems directly mOdell_Z, Training Approaches
an object’s appearance in an image, a large amount of la-
beled training data is needed to provide good coverage over In order to introduce the general approaches to semi-
the space of possible appearance variations. However, cobupervised training, let us first describe a generic detection
lecting a large amount of labeled training data can be a diffi-algorithm that classifies a subwindow in an image as being a
cult and time-consuming process. In the case of the trainingnember of the “object” class or the “clutter” class. The clas-
data for appearance-based statistical object detection, thification is based on the values of the feature vectors asso-
typically entails labeling which regions of the image belong ciated with each subwindow in the image.
to the object of interest and which belong to the non-object We designate the image feature vectorXasvith x; be-
part of the image, and, in some cases, marking landmarkng the data at a specific location in the image, wheire
points. For many of the object detection techniques to bedexes the image locations froin= 1...n. Our goal is to
practical, it is crucial that a streamlined approach to train-computeP(Y | X), whereY = object, orY = clutter.
ing be used so that users are able to rapidly insert new obAssociated with each image class is a particular model,
ject models in their systems. which is equal either to the foreground modebr back-

The goal of the approach proposed here is to simplifyground modeb. We use€); to indicate the parameters of the
the collection and preparation of this training data by uti- foreground model and, for the background model. If we



then added to the training set and the process repeats. Ob-
viously the selection metric chosen is crucial here; if incor-
rect detections are included in the training set then the final
answer may be very wrong. This issue is explored through-
out the paper. When discussing the incremental addition of
training data, it is useful to define the following terms:

¢ Theinitial labeled training seis the initial set of fully la-
Figure 1. Schematic representation of the batch train- beled datal = {L ... L_m}} )

ing approach with EM (left) and the incremental self- e Theweakly labeled training sés the current set of weakly
training approach (right). labeled dataWy = {W; ... Wy, }

e Thecurrent labeled training ses the initial training set in

addition to any weakly labeled examples which have been
setP(Y = object) = P(Y = clutter), the likelihood ra-  assigned labels = {T,...T,}

Score each detection with the
selection metric.

tio over the entire window is: We use the object detection framework detailed in the
P(Y=object|X) _ pn  Plaildp)P(M=1) previous se_ctions asthe bagis of our Wegk_l)_/ labeled data ap-
P(Y=clutter|X) — ~+i=1P(z;[0y) P(M=b) proach. This approach begins with an initial set of model

Th | f this likelih : hreshol _parameters trained using the initial labeled training set pro-
e value of this likelihood ratio can be thresholded to de ided, M® — {6°,69}. This serves as the starting point for

termine the presence or absence of an object. In practice, thé Kiv labeled dat h duri hich dif
detection is performed in a subwindow of the image that is1fJur wea ﬁ a 3% ata approach during which we modily
scanned across all possible locations in the input image. or'?'%rem\jvnearg; I§bél.ed data approach relies on being able
For such a generic opject detectpr, a nat.urf':ll approach t?o estimate where the object is in the training image using
weakly-labeled training is Expectation-Maximization (EM) : o 0
L . : . the current model. However, since the initial model;, is
[2]. This is a very generic method for generating esnmatestrained using a limited amount of data, this may not be pos-

of model parameters given unknown or missing data. Thlss:ible, especially for weakly labeled training data which dif-

is implemented as an iterative process which alternates b<=T o . L
o fers significantly in appearance from the training images.
tween estimating the expected values of the unknown vari-

ables and the maximum likelihood of values of the modelOne approach is to |m_m_ed|ately add all of _the weakly la-
. beled data)V, to the training set7". However, incorrect la-
parameters (Figure 1(left)).

It Id that. local . d del selecti bels can potentially “corrupt” the model statistics.
issuevgor?ot v?/(ietﬁgan;ﬁ O(I:EaM Tv?))ﬂlrgab:rlhemigegl 36 erco;)cn In the approach described here, we attempt to reduce the
. ; 9. . PP r}mpact of this issue by labeling weakly labeled examples
to semi-supervised learning. Indeed, work using EM in the

. ._~and adding them incrementally to the training set accord-
context of text c|a55|f|cat!op [14], [12] has_ found that EM is ing to our confidence in those labels, similar to the methods
a useful approach to training models using weakly labeled )= 0t [13], [12], [20]. Here, the order in which the
data. Hoyveve_r, Nigam n [14] also found that there were In'images are added is critical to allow the model to first gen-
stances in which EM did not perform well. There are many

reasons why EM mav not perform well in a particular semi eralize to images which are most similar to the initial train-
S why =M may not p wellin a particu ! ing set, and then incrementally extending to views which are
supervised training context. One reason is that EM solel

. . . .~ ?quite different from those in the original training set.
finds a set of model parameters which maximize the like- A schematic representation of the training procedure,

lihood of the data. The issue is that the fully labeled dataTermed “self-training” or “incremental semi-supervised
may not sufficiently constrain the solution, which meansthat[raining,, is presented in Figure 1(right). The incremen-
there may be solutions which maximize the data Iikelihoodtal traini,ng procedure for using a combination of weakly
but do not optimize classification performance. and fully labeled data is summarized as follows:

There have been a variety of approaches that attempt t@itialization:
incorporate new information into EM and to design alternate 1. Train the parameters of the initial modai(°, consisting of
algorithms which can utilize additional prior information the foreground?} and background; models using the fully
which we may have about a specific semi-supervised prob- Iaobele_d data sub_set. Initialize the initial labeled training set,
lem [22], [15], [6]. The alternative that we chose to evaluate 7 With the provided fully labeled data.
in this work is often called self-training or incremental train- B€ginning of lteratiory: ; _ _
ing [13]. In self-training, an initial model is constructed by gg;&%d&/yk) in W compute the selection metris, =
using the fully labeled data. This model is used to estimate 5 ggject thke. weakly labeled examplelV, where
labels for the weakly labeled (or unlabeled) data. A selec- i = argmax S, with the highest score and update
tion metric is then used to decide which of the weakly la- both the current training set and the weakly labeled train-
beled examples were labeled correctly. Those examples are  ing set, 77+ « 77 U {W;}, Wit « W/ — (W }.
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The practical implementation of the semi-supervised ap-
proach is not a straightforward application of the techniques
described in this section because of the complex nature o
real world image data. In this paper, we focus on and pro-
vide insight into specific two key issues which are funda-
mental to practical implementation of the semi-supervised
training of object detection systems: 1) What metric should
be used in deciding which examples to add to the training
set during incremental training? 2) How is the performance
of the detector affected by the size of the labeled and weakl
labeled sets?
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Figure 2. Schematic representation of the detection
process for a single stage of the detector.

){)els. Some of the earliest work in this area is that of Szum-
mer and Jaakkola [21], which was analyzed and extended in
1.3. Previous Work [25]. A promising recent direction is that of information reg-
arization by [22] and [5]. The notion is to exactly capture
e information that we hope to transfer from the uncondi-
ional underlying distributior? () to the class label likeli-
hoodP(y | z). The idea is that the unlabeled data will con-

. I

In recent years there has been a substantial amount Lt
work that addresses the problem of incorporating unlabele
data into the training process, [14], [9], [11]. Some of the

earliest work in the context of object detection is descnbedStrain the final hypothesis in a particular way. Specifically,

in [1]. The authors used an Expectation-Maximization (EM) o .
. . .7 we want hypotheses that tend not to split high density re-
approach. More recent work by Selinger in [20] uses an in- yp P 9 y

cremental approach similar to our approach. One of the mainqlons inthe underlying distribution.
differences is that a contour based detection model is used.

Also the model output is used as the scoring metric to de Experimental Setup

cide which image to add next, whereas we found that other

metrics tended to work better. Recent work [8], [7] utilizes 2.1. Detector Overview

an EM based approach.

The work which is most similar to our work is that de- ~ We chose the detector described in [18], [19] to conduct
scribed in [24]. In this work an object detection system is OUr experiments. It has been used successfully for face de-
trained using images which are labeled indicating the prestection and other rigid objects and has been demonstrated
ence or the absence of the object of interest. A search ag0 be one of the most accurate for face detection. The de-
proach is used to find likely correspondences between detector is able to capture certain aspects of appearance vari-
tected features and model features. The work described iation such as intra-class variation. To handle large changes
this paper is similar, but extends the prior work in that anin scale and translation, the detector is scanned over the im-
evaluation of a mix of labeled and weakly labeled data isage at different scales and locations, and each correspond-
performed, the problem is examined in a discriminative con-ing subwindow is run through the detector.
text and the incorporation of other types of labeled data can A schematic representation of the detection process is
be accommodated. presented in Figure 2: First, the subwindow is processed

A number of authors have taken the approach of reprefor lighting correction, then a two-level wavelet transform
senting the relationships between labeled and unlabeled daia applied, from which features are computed by vector-
using a graph in which the edge weights are inversely re-quantizing groups of wavelet coefficients. Finally, the sub-
lated to the similarity between the different examples in fea-window is classified by thresholding a linear combination of
ture space [3]. They use a minimum cut algorithm to de-the log-likelihood ratios of the features. The detector uses
cide the labeling of the unlabeled data. That method auga cascade architecture, in which a number of detectors are
ments the graph of training examples with a pair of “class” placed in series; only image patches which are accepted by
nodes which represent the positive and negative classes. Ithe first detector are passed on to the next. In this work we
finite weight edges connect labeled examples to the approenly use a single stage of the cascade to simplify the train-
priate “class” nodes. Their analysis showed that particulaiing process. Accordingly, detection performance is lower
graph structures and edge weights correspond to optimizthan what is typically achieved for the detector. We chose
ing specific learning criteria. to limit the processing to one stage to facilitate many rep-

The next set of ideas in this area is based on using randoratitions of the training process in the experiments, which
walks through the graph to capture the notion that examplesvould not have been possible with the full detector because
which are similar in feature space should have similar la-of the long training times.



6. Choose a threshold for the linear function, based on the final
performance desired.

If the full detector cascade is trained, these steps are re-
peated by setting a threshold that achieves a low false neg-
: ative rate at each stage. The positive examples at each it-
- eration are those images in the current training set which

passed the detection test for the previous iteration. For com-
putational reasons, we limit ourselves to one stage.

The goal of our experiments is to train the detector with
different combinations of fully labeled and weakly labeled
data and to evaluate the resulting detector performance.

The semi-supervised, incremental version of the training
2.2. Data procedure that we used in the experiments reported here can

The object chosen for these experiments is a human ey8€ Summarized as follows:
as seen in a full or near frontal face. In each fully labeled 1. Trainthe detector using a limited amount of fully labeled pos-
example, four landmark locations on the eye were labeled _ Ve examples and the full set of negative examples.
(Figure 3). The labeled regions of each training image were 2. Run the detector over the weakly labeled portion of the data

. . - set and find the locations and scales corresponding to max-
rotated to a canonical orientation, scaled and croppedto re-  jm4 of the likelihood ratio.

sultin a24x 16 training eX_ample .ir_nage. _ 3. Use the output of the detector to label the unlabeled training
The full set of images with positive examples consists of examples and assign a selection score to each detection.

231 images. In each of these images, there were from two 4. Select a subset of the newly labeled examples using the se-
to six training examples per image for a total of 480 train- lection metric.
ing examples. The independent test set consisted of 44 im- 5. Iterate and go back to step 1. Stop after a fixed number of it-
ages. In each of these images, there were from two to 10 test- erations or after all of the training images have been added.
ing examples for a total of 102 test examples. In addition to ~ Typically, once an image has been added to the training
the object training examples, we used a set of 15,000 negset, it is not removed, and the values of the latent variables
ative examples. In all the experiments described in this paare fixed.
per, we used a fixed set of negative examples. Negative ex-
amples are assumed to be plentiful [23] and can be collecte
cheaply. The type of selection metrics used for selecting the next
The training and test images were typically in the rangeexample to add from the weakly labeled data set in Step
of 200-300 pixels high and 300-400 pixels wide. While the 4. above is crucial to the performance of the training. We
training examples are all normalized to 2416 images, evaluated the difference in performance between a selection
scale invariance is achieved by scaling the image during thenetric based on the classification confidence and a selec-
detection process. A total of 80 synthetic variations are aption metric based on an distance measure between patches
plied to each training example includingt0.5 translation,  thatis defined independently from the detector. A key obser-
0.945 to 1.055 scale; 12 degrees rotation. vation is that, because it is independently defined, the sec-
ond metric will have failure modes that are “orthogonal” to
the failure modes of the detector, leading to better perfor-
Training the model with fully labeled data consists of the mance, as supported by the empirical results below. The ef-
following steps: fect of using an independently-defined metric had not been
1. Given the training data landmark locations, geometrically previously investigated and it appears to contribute in a crit-
normal!ze _the training _example subimages, apply Ii_ghtin_g ical way to training performance.
normalization to the subimages, and generate synthetic frain- 1,0 "<t selection metric, termezbnfidence selection
ing examples. The latter consists of scaling, shifting, and ro- . . . -
tating the images by small amounts. metrig is computed at every iteration by applying the detec-
2. Compute the wavelet transform of the subimages. tor trained from the current set of labeled data to the weakly
3. Quantize each group of wavelet coefficients and build a naivelabeled set. The detection with the highest detection confi-
Bayes model with respect to each group to discriminate be-dence are selected and added to the training set. The second
tween positive and negative examples. . selection metric, termeMISE selection metrits calculated
4. Adjust the naive Bayes model using boosting, but maintain-¢, - 50y weakly labeled example by evaluating the distance
ing a linear decision function, effectively performing gradi- S .
ent descent on the margin. between the corresponding image window and all of the

5. Compute an ROC curve for the detector using a cross validaother templates in the training data (including the original
tion set. labeled examples and the weakly labeled examples added in

127 !

Figure 3. Landmark used on a typical training im-
age (left); sample training images and the training
examples associated with them (right).

4. Selection metrics

2.3. Training



Labeled we call arun. In most cases 5 runs were performed for each

Images experiment.

Candidate E‘- Another parameter of the experiments is the number of
Image @‘- images added at each iteration. Ideally, only a single im-
-. el age would be added at each iteration. However, because of
Original P'Im.“fedt ﬁ‘- the substantial training time of the detector, more than one
‘5 ¢ @‘ =5 image was added at each iteration. Adding more images re-

Processed  Original duces the average training time per weakly labeled image,

Images Images

but increases the chance that there will be an incorrect de-
tection included in the weakly labeled data set. Typically 20

Figure 4. A schematic representation of the computa- ’ -
weakly labeled images were added to the training set at each

tion of the MSE score metric. The candidate image and

the labeled images are first normalized with a specific set iteration.
of processing steps before the MSE based score metric One of the challenges in performing such experiments is
is computed. that the inner loop of the algorithm, training the detector on

one specific training set, takes on the order of twelve hours
prior iterations). The distance is computed after normaliza-2" 3-0 GHz level machines. If the detector is trained dur-

tion of the detected template for scale, position, and oriental"9 10 itérations and 5 repetitions of an experiment are per-

tion, based on the values computed by the detector, and aftdP'Med: then each experiment takes x 10 x 5 = 600
ours of compute time. As a result, the total computation

3x3 high-pass filtering and normalization to zero mean and, X i I th - ¢
unit variance (Figure 4). Each candidate image is assigneame necessary to mve.s.t'gat.e all the vanayons of parame-
ters and training conditions increases rapidly (to approxi-

a score which is the minimum of these distances. The can
didate images with the smallest scores are selected for add'mat(aly 3 CPU-years).

tion to the training set. If we defind’; to be the weakly la- 3.2. Evaluation Metrics
beled image under consideratignto be the index over la-
beled images[ to be a specific image from the set of la-
beled imagesy(X) to be the transformation performed by
the image preprocessing step, ando be the weights for
computing the Mahalanobis distance, then the overall com
putation can be written as:

Each “run” was evaluated by using the area under the
ROC curve (AUC). Because different experimental condi-
tions affect performance, the AUCs were normalized rela-
tive to the full data performance of that run. So a reported
performance level of 1.0 would mean that the model be-

) ing evaluated has the same performance as it would if all
ScorgW;) = min; Mahalanobigg(W;), g(L;), X) of the labeled data was utilized. A value of less than 1.0

Itis important to note that, in the computation of the MSE would mean that the model has a lower performance than
selection metric, the key information that is used is the po-that achieved with the full data set. To compute the full data
sition and scale returned by the currently detector. As a reperformance, each specific run is trained with the full data
sult, the detector must be accurate in localization but nee@et and its performance is recorded. The performance from
not be accurate in detection since false detection will be disall of the runs of a specific experiment are aggregated and
carded due to large their large MSE distances to all of theve compute a single set of performance measures: the mean,
training examples. This is crucial to ensure the performancéhe standard deviation, and the 95% significance interval,
of the training algorithm with small initial training sets. This computed as the mean plus and minus 1.64 times the stan-
is also part of the reason for the MSE to outperform the con-dard error of the mean. The plots show either or both the
fidence metric, which requires the detector to be accurate irstandard deviation or the 95% significance interval as error

bothlocalization and detection performance. bars.
3. Experiments and Analysis 3.3. Baseline training configuration
3.1. Experiment Scenarios It is very important to characterize sensitivity to train-

We found that th . bit of vari i the fi ing set size because we want to perform our experiments
e found that there was quite a bit of variance In the fi- |, \qo conditions where the addition of weakly labeled data

nal detector performance and in the behavior of the SEMIvill make a difference. If the performance of the detector

supervised training process. Much of this variance arosgg aireaqy at its maximum, given a labeled training set of a
from the specific set of images randomly selected in the

.y . S specific size, then we cannot expect weakly labeled data to
small initial training subset. To overcome this limitation,
each experiment was repeat_e_d using a dlﬁerent initial rar_]_l For reasons of space, we present only a summary of the experiments.
dom subset. We call a specific set of experimental condi- Detailed analysis of the influence of the number of features, the geo-
tions anexperimentand each repetition of that experiment metric variations, and other training variations are reported in [16].




Normalized Test Set Performance versus Training Set Size
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Figure 5. Normalized AUC performance of the detector Figure 6. Comparison of the training images selected
plotted against training set size on a log scale with the at each iteration for the confidence and the MSE selec-
three regimes of operation labeled. The inner error bars tion metrics. The initial training set of 40 images is the
indicate the 95% significance interval, and the outer er- same for both metrics and is 1/12 of the initial training
ror bars indicate the standard deviation of the mean. set size.

help. In order to establish a baseline for the typical number The comparison between the two selection metrics is
of examples needed to train the detector, we ran the detect@ummarized in Figure 7. In these plots, the horizontal axis
with different training set sizes and recorded the AUC per-indicates the frequency at which the training data is sam-
formance (Figure 5). Our interpretation of this data is that ispled in order to select the initial labeled training set for each
there are three regimes in which the training process operrun (“8” means that 1/8th of the full training data was used
ates. We call the first the “saturated” regime, which in this as initial labeled training data, while the rest was used as un-
case appears to be from approximately 160 to 480 train{fabeled data). The plots show that performance is improved
ing examples. In this regime, 160 examples are sufficienby the addition of weakly labeled data over the range of data
for the detector to learn the requisite parameters; more datset sizes. However, the improvements are not significant at
does not result in better performance. Similarly, variation inthe 95% level for the confidence metric. For the MSE met-
performance is relatively constant and small in this rangeric however, the improvement in performance is significant
We call the second regime the “smooth” regime, which ap-for all the data set sizes. This observation is supported by
pears in this case to be between 35 and 160 training exanether experimental variations in which the MSE metric con-
ples. In this regime, performance decreases and variation insistently outperforms the confidence metric. Figure 6 shows
creases relatively smoothly as training set size decreases. montages of the examples selected from the weakly labeled
the third regime, the “failure” regime, there is both a precip- training images selected at each iteration using the confi-
itous drop in performance and a very large increase in perdence metric and the MSE metric for a single run. The per-
formance variation. This third regime occurs when the train-formance of the detector trained with the MSE metric im-
ing algorithm does not have sufficient data to estimate someroves with each iteration, whereas the performance of the
set of parameters. An extreme case of this would be whemronfidence-based one decreases. For the confidence metric,
the parameter estimation problem is ill conditioned. Basedthere are clearly incorrect detections included in the train-
on this set of experiments, we chose the size of the labelethg set past the first iteration. In contrast, all of the images
training set to be in the smooth regime for the experimentshat the MSE metric selects are valid except for one outlier
with weakly-labeled data. at iteration 4.

3.4. Selection Metrics 3.5. Relative size of Fully Labeled Data

The next question is whether the choice of the selection It is also important to evaluate the number of weakly la-
metric makes a substantial difference in the performance obeled exemplars that need to be added to the labeled set in
the semi-supervised training. We conducted experiments torder to reach the best detector performance. For this evalu-
compare the two main options: A confidence metric basedation, we recorded the number of examples that need to be
on the most natural approach of selecting the example wittadded to the initial set in order to reach the point at which
the highest detector confidence, and the MSE metric that ithe performance of the detector does not change apprecia-
defined independently of the detector confidence. The overbly for every training run. The data is summarized in Fig-
all result is that the detector-independent MSE metric out-ure 8, in which we plotted the ratio of weakly labeled data
performs the more intuitive confidence metric. to labeled data at which the training procedure converged,



base performance obtained with the fully labeled data, even
when a small fraction of the training data is used in the ini-
tial training set. This observation remains valid even when
taking into account the high degree of variability in perfor-
mance across different choices of initial training sets (as il-
lustrated by the error bars in the graphs presented, and the
fact that we normalize the detector performance with respect
to the base detector trained with all the labeled data). Sec-
ond, as a practical matter, the experiments show that the self-
training approach to semi-supervised training can be applied
to an existing detector that was originally designed for su-
pervised training. In fact, in our case, we used a detector that
was already highly optimized and we were able to integrate

Figure 7. Normalized performance of the detector, in-
corporating weakly labeled data by using the confidence
metric (a) or the MSE metric (b), as the fully labeled train-
ing set size varies. The bottom plot line is the perfor-

mance with labeled data only and the top plot line is the it in the training framework. This suggests a general proce-
performance with the addition of weakly labeled data. dure for using semi-supervised training with existing detec-
Error bars indicate the 95% significance interval of the tors.

mean value. Finally, a more fundamental observation is that the MSE

selection metric consistently outperforms the confidence
metric. Experiments with simulated data and other, filter-

based detectors (from [16], not reported here from reasons
of space) show that, more generally, the self-training ap-
proach using an independently-defined selection metric out-
g performs both the same approach with confidence metrics,
but also batch EM approaches. These results bring to light an
important aspect of the the self-training process which is of-

Size (+1- 95%sig)

9

Labeled Training

i #7% ten overlooked. The issue is that during the training process,
3 bk the distribution of the labeled data at any particular iteration
* may not match the actual underlying distribution of the data.
As aresult, confidence metrics may perform poorly because
Figure 8. Ratio of weakly labeled to fully labeled data the labeled data distribution created by this metric is quite
as the fully labeled training set size increases. different from the underlying distribution, even when all of

the weakly labeled data selected by the metric is correctly

against the size of the initial training set (or, more precisely,'abe|9d' To illustrate this observation, Figure 9 shows a sim-

the sampling rate that was used for generating the initialple simulated example in which the labeled and unlabeled

training set). This data shows that, as expected, the ratio in(_axamples are drawn from two Gaussian distributions in the

creases as the size of the initial training set decreases sinéﬂane' Comparing the labels obtained after five iterations by

more weakly labeled examples are needed to compensaténd the confidence metric (Figure9(c)) and the Euclidean
for smaller training sets. More importantly, the total size metric, we see that the labeled points cluster around exist-

of the training set (initial labeled training images + exam- ing data points. We believe a closer examination of this issue
ples added during training) is within the “saturated” operat-

from both a theoretical and practical standpoint is an impor-
ing regime identified in Figure 5. This is important because

tant interesting topic for future research toward the effective
it shows that, even for small initial training sets, the total 2PPlication of the semi-supervised approaches to object de-

number of examples is on the same order as the number th&gction problems.

would be needed to train the detector with a single set of lay_ Summary and Conclusions

beled examples. In other words, using a small set of labeled

examples does not cause us to pay a penalty in terms of @ The goal of this work was to explore and evaluate ap-

greater size of the total training set. proaches to semi-supervised training using weakly labeled

data for appearance-based object detection. We conducted

extensive experiments with a state-of-the art detector that
These experiments lead us to several observations thded to several important conclusions including a quantita-

will be useful in developing future detection systems basective evaluation of the performance gained by adding weakly

on weakly-labeled training. First, the results show that it islabeled data to an initial small set of labeled data; a demon-

possible to achieve detection performance that is close to thstration of the feasibility of modifying an existing detector

3.6. Discussion
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