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Abstract—The goal of point-to-set matching is to match a single
image with a set of images from a subject. Within an image
set, different images contain various levels of discriminative
information and thus should contribute differently to the results.
However, the discriminative level is not accessible directly. To
this end, we propose a confidence driven network to perform
point-to-set matching. The proposed system comprises a feature
extraction network (FEN) and a performance prediction network
(PPN). Given an input image, the FEN generates a template,
while the PPN generates a confidence score which measures
the discriminative level of the template. At matching time, the
template is used to compute a point-to-point similarity. The
similarity scores from different samples in the set are integrated
at a score level, weighted by the predicted confidence scores.
Extensive multi-probe face recognition experiments on the IJB-A
and UHDB-31 datasets demonstrate performance improvements
over state of the art algorithms.

I. INTRODUCTION

Many real-life applications can be mapped into the point-
to-set matching problem. In this paper, we focus on multi-
probe face recognition where each probe sample contains
multiple images from the same subject (i.e., set data). These
images can be video frames or independent photos captured
from different cameras. Only a single image is stored for
each subject in the gallery (i.e., point data). The task is
to match each probe image set to its corresponding gallery
subject. Although recent single-probe (i.e., point-to-point) face
identification systems have achieved remarkable performance
[1], [2], there is still a need to investigate multi-probe face
recognition. In real-life scenarios, many problems can be
naturally formulated as multi-probe face identification. When
a child goes missing, or the police are looking for a crime
suspect, a single frontal face image (e.g., a photo ID) may be
matched to a set of face images captured through a camera
network. Such face images naturally form a set. Additionally,
being able to leverage the additional information provided by
multiple images is a potential solution for challenges such
as extreme poses of the subject depicted in the image and
poor illumination conditions. However, multi-probe settings
introduce many challenges. First, not all the images provided
are informative, and some (e.g., with extreme poses and
occlusion) could impact negatively the whole set performance.
Second, the point and set data are usually represented using
different models, and hence they share very distinct properties,
which make it hard to match them directly [3], [4].

To address the challenges mentioned above, we propose a
confidence driven network (CDN). The CDN has the following
properties: (i) each probe template in the set is matched
independently with the gallery template, and thus, there is no
model difference between point and set data; and (ii) each
probe template contributes differently to the final decision
according to its discriminative level, as measured by the
confidence score. As illustrated in Figure 1, CDN comprises
two parts: (i) a feature extraction network (FEN), and (ii) a
performance prediction network (PPN). The FEN is a distance-
based ConvNet architecture, and a pre-trained point-to-point
network can be employed. The PPN is a binary classification
network. It takes as input an intermediate feature representa-
tion from FEN and generates a confidence score. This score
indicates the probability that the extracted feature vector will
contribute towards a correct decision. To estimate the ground-
truth confidence score, we propose a ground-truth generation
paradigm. Specifically, we perform single-sample tests on
batches of triplets in a leave-one-out manner and compute
the average rank-1 rate on each sample. This estimated value
is then assigned as ground truth. In the training phase, the
confidence score will guide the feature extraction network to
focus less “attention” on the samples with lower confidence
levels. By doing so, it avoids overfitting on samples that are
possibly difficult, or others that the model is uncertain about its
predictions. In the matching phase, the confidence scores are
used to integrate the results from different samples of the same
set. In summary, the contributions of the proposed CDN are
the following: (i) a weighted-by-confidence point-to-set triplet
loss that enables us to adapt a point-to-point network to a
point-to-set network; and (ii) a single-sample test mechanism
to quantify the discriminative level of a sample.

II. RELATED WORK

Point-to-set matching: A straightforward approach to address
the point-to-set matching problem is to model the point-
to-set distance. Depending on how the point-to-set distance
is formulated, existing methods can be grouped into two
categories: (i) set-based approaches, and (ii) sample-based
approaches. In set-based approaches, an image set is repre-
sented using different models, such as hull [5], [6], [7], [8],
linear subspace [9], [3], [4], Grassmann manifold [10], [11],
and statistical models [12], [13], [14]. Then, the point-to-
set distance is mapped to a cross-domain matching problem.



Fig. 1: The proposed CDN architecture contains two parts. The first part is a feature extraction network, which consists of
Feature Extractor I that contains the first block of a pre-trained classification network, and Feature Extractor II that contains
the rest of the blocks. The second part is a performance prediction network, which comprises a ground-truth generator and a
performance predictor. The high-level features that contain information about the identity are leveraged to generate “ground-
truth” using a single-sample test discussed in Section III-B2. The middle-level features along with the generated “ground-truth”
are used to train the performance predictor which generates confidence scores ĉi for each of the anchors in the set.

Algorithms in this category leverage intra-set relationships,
but rely on strong model assumptions which do not always
hold. Another limitation of such approaches is that the model
estimation is computationally expensive, especially in a high
dimensional feature or sample space. In contrast, sample-based
approaches treat each image in the set independently, and
the final point-to-set distances are fused at different levels
[15], [16], [17], [18]. Following the deep learning revolution,
most recent techniques employ deep architectures and simple
fusion rules to improve the point-to-set matching performance
[1], [2], [19]. Compared with the set-based approaches, the
sample based ones are more flexible and efficient in the
matching phase. However, the within-set correlations are not
fully explored.

Image set weighting schemes: Our solution follows a sample-
based approach, and thus the set weighting scheme is of
paramount importance. Recent set-to-set matching methods
[16], [17], [20] employ deep-learning architectures to learn the
set weighting scheme. Specifically, an image set is embedded
into a single template using a weighted average. Yang et al.
[17] introduced the Neural Aggregation Network, in which
the learned features are fed to an attention mechanism which
organizes the input through accessing external memory. These
features are then aggregated into a fixed length feature vector
adaptively via two attention blocks. Liu et al. [16] followed
a different approach and proposed a quality-aware network
(QAN) in which the template and image quality scores
are learned jointly by minimizing a weighted loss function.
The proposed Confidence Driven Network shares the same
intuition with the aforementioned approaches, but has four
key distinct differences: (i) we estimate the confidence score
“ground truth” using a single-sample test, which makes our

framework flexible enough to be plugged into other pre-trained
networks, (ii) instead of embedding features into a single
template, the aggregation happens at a distance level without
model differences, (iii) we focus on point-to-set matching
instead of set-to-set matching; and (iv) our architecture is less
complicated and easier to train.

III. CONFIDENCE-DRIVEN NETWORK

A. Feature Extraction Network

Our objective is to leverage the discriminative power of
templates in a point-to-point matching setup and adjust them
to a point-to-set matching protocol, by introducing only a few
changes to the original architecture. Thus, we selected the
center loss face ResNet [21] developed by Wen et al. [19] as a
base architecture, due to its outstanding performance. To adapt
FEN to point-to-set matching, a weighted-by-confidence point-
to-set triplet loss is proposed. The triplet loss [2] is chosen
because of its ability to learn discriminative templates that
can be generalized to distinguish unseen classes. In particular,
the training data are split into triplet batches

B = {(Ii, Ij , Ik) |, lj = li = l+, lk 6= l+} , (1)

with the restrictions: (i) all the anchor images Ii are sampled
from an image set; (ii) the neighbors Ij and imposters Ik
are sampled from the point data; (iii) the anchors and the
neighbors are sampled from the same subject (i.e., lj = li =
l+); and (iv) the anchors and the imposter are from different
subjects (i.e., lk 6= l+). The weighted-by-confidence point-to-
set triplet loss in a batch is formulated as follows:

LB =

∑
B ĉi

[
d2 (xi,xj)− d2 (xi,xk) + α

]
+∑

B ĉi
. (2)



Fig. 2: Single-sample test mechanism to generate ground truth targets for the performance predictor. Given high-level batches
of triplets, a single sample from the neighbors or the anchors is placed in the gallery along with all the imposters. The rest of
the neighbors and the anchors form the probe. The rank accuracy is computed across 2B iterations.

where xi, xj , xk are the templates of the anchors, neighbors,
and imposters respectively. The objective of the first term is
to the pull the neighbors xj “closer”, while the objective of
the second term is to push the imposters xk “far away”, by a
margin α. The proposed loss LB is the sum of the losses over
all the triplets in the batch, weighted by the corresponding
confidence scores ĉi of the anchors xi from an image set. The
confidence score ĉi generated by the performance predictor
guides the FEN to focus less attention on the less informative
samples.

B. Performance Prediction Network

1) Performance Predictor: The performance predictor is a
binary classification network that distinguishes between infor-
mative and non-informative samples. In our implementation,
we used the softmax output probabilities as confidence scores.
The inputs of the performance predictor are the middle-level
features from Feature Extractor I. The middle-level represen-
tation is used because it preserves more information from the
original image, as the high-level templates only preserve the
identity-related information.

2) Ground Truth Generator: In order to train the per-
formance predictor in a supervised manner, “ground truth”
confidence scores are necessary. Such measurements are not
available and thus, we opted for a conceptually straightforward
approach to estimate the “ground truth” targets for the confi-
dence scores. The confidence score proposed in this paper is
the likelihood of a correct decision,

ci = P (l̂i = li|xi), (3)

where xi is the anchor template from Feature Extractor
II, l̂i is the rank-1 identity label returned from a distance
based ranking, and li is the ground truth identity label. The
confidence score ci, indicates the probability of returning a
correct decision (i.e., l̂i = li), based on the given template
xi. To estimate this likelihood ground truth ci, we propose
a single-sample test mechanism, which is performed during
training within a triplet batch. An overview of this mechanism
is provided in Figure 2.

The input batch comprises B sets of triplets,

(i) Anchors A = {(xi, l+) | i ∈ [1, B]}, from the set data;
(ii) Neighbors A+ = {(xj , l+) | j ∈ [B + 1, 2B]}, from the

point data;
(iii) Imposters A− = {(xk, lk) | k ∈ [2B + 1, 3B]}, from the

point data.
To further distinguish among the anchors, the neighbors, and
the imposters, they are indexed using different ranges within
the batch. The neighbors and the anchors are selected from the
same subject l+, whereas the imposters are selected such that
they are from B different subjects lk. The single sample test
is conducted via simulating an identification scenario, with the
following steps.
Step 1: Gallery and Probe Enrollment. The gallery com-
prises all imposter samples, and one sample xb from the union
of the anchors and neighbors:

Gb = A− ∪ {(xb, l+)} , (4)

which contains one sample for every identity in the batch.
Then, the rest of the samples from the anchor and the neighbor
sets serve as the probe:

Pb = A ∪A+ − {(xb, l+)} , (5)

where all probes are from the same identity l+.
Step 2: Single Sample Test. Each probe sample xp ∈ Pb

is compared with each gallery sample xg by computing the
distances d(xp,xg). Then, the label for xp is assigned to be
the same as the identity in the gallery that has the smallest
distance:

l̂bp = lĝ, where ĝ = argmin
g

d(xp,xg). (6)

The decision is compared with the subject ID ground truth l+,
and the rank-1 hit for sample xp is computed as:

rbp =

{
1 when l̂bp = l+

0 when l̂bp 6= l+
. (7)

Step 3: Steps 1 and 2 are repeated 2B times until each element
in A ∪ A+ has been enrolled in the gallery only once. The
likelihood ground truth for each sample which has served as



Algorithm 1: Confidence Driven Network

input : Batches of image triplets (Ij , Ii, Ik).
output: Parameters θc, θp for FEN fc and PPN fp.

1 Initialization: step s = 0, θsc , θsp ;
2 while (validation loss decreases) do
3 s← s+ 1;
4 (zj , zi, zk)← fI(Ij , Ii, Ik) ; // Feed-forward of

Feature Extractor I;

5 xs−1 = (xs−1
j ,xs−1

i ,xs−1
k )← fc(zj , zi, zk) ;

// Feed-forward of Feature Extractor
II;

6 cs−1 = (cs−1
j , cs−1

i )← SST (xs−1) ;
// Single-sample test to estimate
confidence ‘‘ground truth’’;

/* Update θp: */
7 θsp = SGD(Lp

(
fp((zj , zi), θ

s−1
p ), cs−1

)
);

8 ĉsi = fp(zi, θ
s
p) ; // Feed-forward to compute

confidence scores;

/* Update θc: */
9 θsc = SGD(LB

(
xs−1, ĉsi , θ

s−1
c

)
) ; // Eq. (2);

10 end

probe xp, is then computed as the average rank-1 hit rate
across all testing iterations:

cp =

∑2B
b=1 r

b
p

2B − 1
, (8)

where each sample from the anchors and the neighbors has
served as a probe for 2B − 1 times.

IV. IMPLEMENTATION

A. Training

During training, the Feature Extractor I remains frozen,
whereas the Feature Extractor II and the PPN are trained
jointly so as to enable information sharing through the weight
updates. An overview is provided in Algorithm 1.
Lines 4-5: During training, triplets of images are fed to
the Feature Extractor I (denoted by fI ) to obtain interme-
diate features (zj , zi, zk). These are then provided to the
Feature Extractor II which outputs high-level representations
xs−1 = (xs−1

j ,xs−1
i ,xs−1

k ).
Line 6: The single-sample test (denoted by SST) is performed
as described in Section III-B2 using xs−1, and the ground truth
confidence scores cs−1 = (cs−1j , cs−1i ) are estimated for both
the neighbors and the anchors.
Line 7: The pair (zj , zi) are fed to the performance predictor
to obtain the predicted confidence score fp(zj , zi). Then, the
binary cross-entropy loss denoted by Lp is computed and the
respective weights θp are updated using SGD.
Line 8: The anchor middle-level features zi is fed forward
through the performance predictor to obtain the confidence
predictions ĉsi .

Fig. 3: Using pose 11 as the only image in the gallery, we
construct 15 different probe sets. For example, the first set
contains the poses [1, 4, 7], the second [4, 7, 10], and so on.
In order to ensure that each pose appears the same amount
of times in the probe image set, and since pose 11 dose not
appear in any probe image sets, we construct some sets with
just two images (e.g., [5, 8,NaN]).

Line 9: The confidence score predictions ĉsi are utilized along
with the high-level features xs−1 to compute the weighted-by-
confidence point-to-set triplet loss in Eq. (2). Using this loss,
the weights of the Feature Extractor II are updated and then
the process is repeated by fetching the next batch of samples.

B. Matching

At matching time, the gallery
G = {(xm, lm) | m ∈ [1, NG ]} contains only one image
per subject. For a probe image set, the high-level template
and confidence score are computed for each image
P = {(xn, ĉn) | n ∈ [1, NP ]}, where n is the index of
the image in the set. P is a set of images belonging to the
same subject and NG , NP are the number of samples in the
gallery and the probe, respectively. Then, for each template
in the gallery xm, we compute its distance from the probe
template set P as follows:

Dm (xm,P) =
∑NP

n=1 ĉnd (xm,xn)∑NP
n=1 ĉn

, (9)

where d (xm,xn) corresponds to the distance between the
single template in the gallery and the nth template xn of
the probe set. The final distance is a fusion of point-to-point
distances weighted by the corresponding confidence score ĉn.
The distance Dm is computed for every image in the gallery
and the one with the minimum distance is selected.

V. EXPERIMENTS

A. Datasets

The CDN is trained on the CASIA WebFace Database [22],
and evaluated on IARPA Janus Benchmark A [23] (with fine-
tuning) and UHDB-31 [24] datasets (without fine-tuning).
IJB-A: The IARPA Janus Benchmark A (IJB-A) [23] dataset
comprises 5, 397 still images and 2, 042 videos from 500
subjects. The original protocol is designed for set-to-set



TABLE I: Summary of rank-1 accuracy (%) results for Exper-
iment 1. For IJB-A, the values denote average and standard
deviation over the 10 splits. In UHDB-31, CDN is tested under
three different illumination conditions.

Method IJB-A
UHDB-31

I01 I03 I05

QAN [16] 71.53 ± 2.65 63.25 94.22 89.19
CLFR [19] 83.74 ± 2.72 96.42 98.41 96.38

CDN 84.56 ± 2.78 97.41 99.47 97.18

face matching. To simulate a multi-probe face recognition
paradigm, the 1 : N protocol is revised. In every split, one
image is randomly sampled for each subject to form the new
“search-gallery”. The rest of the samples are split into sets
(with three images from the same subject in each) to form
the new “search-probe”. This dataset is used to assess the
performance of our approach “in the wild”.
UHDB-31: The UHDB-31 [24] dataset comprises 77 subjects.
For each subject, a still image is captured from 21 poses, under
three different illumination conditions. The original protocol
is designed for point-to-point face recognition. To simulate a
multi-probe face recognition paradigm, we enroll the frontal
face of each subject into the gallery. A set of three images from
different poses are sampled and used as a probe. Details about
the set sampling rules are provided in Figure 3 and Table II.
Since the size of this dataset is small, we do not perform any
training. This dataset is used to assess the performance of our
approach in a “controlled” environment.

B. Baselines

We select the center loss for face recognition (CLFR) of
Wen et al. [19] and the quality-aware network (QAN) of Liu et
al. [16] as baselines. For CLFR we used the model pretrained
on the CASIA WebFace database [22] and fine-tuned it on
IJB-A. Since CLFR is designed for point-to-point matching,
average fusion at a score level is performed for multi-probe
face identification. QAN is designed for set-to-set matching.
However, it can be easily adapted to point-to-set matching,
by applying the quality scores only to the set data. Since the
pre-trained model of QAN was not available, we used the
code provided by the authors to train QAN from scratch on
WebFace, and then fine-tune it on IJB-A. To conduct a fair
comparison, CDN is trained using exactly the same protocol.

C. Experimental Results

Experiment 1: The objective of this experiment is to evaluate
the identification performance of CDN against state-of-the-art
approaches. For the IJB-A dataset, we report average results
over ten splits. For UHDB-31, tests are conducted under three
different illuminations independently (i.e., I01, I03, and I05
which correspond to lighting originating from the left, the
central and the right side, respectively). The corresponding
rank-1 accuracy (%) results are reported in Table I. CDN

TABLE II: Rank-1 rate for sets comprising different poses.

Set Rank-1 Rate (%)

QAN [16] CLFR [19] CDN

[1, 4, 7] 75.95 94.81 97.40
[4, 7, 10] 86.25 98.70 98.70
[7, 10, 13] 90.00 98.70 98.70
[10, 13, 16] 91.25 98.70 98.70
[13, 16, 19] 83.75 96.10 97.40

[2, 5, 8] 94.94 97.40 97.40
[5, 8,NaN] 94.94 97.40 97.40
[8,NaN, 14] 95.00 98.70 98.70
[NaN, 14, 17] 95.00 97.40 98.70
[14, 17, 20] 95.00 97.40 98.70

[3, 6, 9] 86.25 88.31 94.81
[6, 9, 12] 91.25 98.70 98.70
[9, 12, 15] 91.25 98.70 98.70
[12, 15, 18] 91.25 98.70 98.70
[15, 18, 21] 85.00 93.51 96.10

Fig. 4: Impact of image set size on the rank-1 accuracy.

achieved higher performance over the baseline algorithms in
both datasets. The performance of QAN reported in this paper
is lower than the original paper. One possible reason for this is
that the model used in the original QAN paper was trained with
additional commercial data. To better understand where the
performance gain is originating from we conducted additional
experiments.
Experiment 2: The objective of this experiment is to assess
the performance improvement across sets comprising different
poses. The UHDB-31 dataset is used to form sets with three or
two different poses as depicted in Figure 3. Results obtained
from the central illumination are provided in Table II. In all
15 sets, CDN performed better (or equally) than the other
methods and demonstrated superior performance in sets that
include extreme poses (i.e., ±90◦ in yaw and ±30◦ in pitch).
Experiment 3: The objective of this experiment is to in-
vestigate how CDN performs when sets contain images of
varying illumination conditions. Each set is selected such that
it contains three images of the same pose but with one image
per illumination. Rank-1 identification rate for each pose is
reported in Table IV. CDN achieved equal or higher accuracy
in 17 out of 21 cases.
Experiment 4: The objective of this experiment is to assess
the impact of the size of the image set. We evaluate all



TABLE III: Confidence score estimates of the performance
predictor under three different illuminations when tested on
the UHDB-31 database.

Illumination Confidence Score

Left Side 0.1000 ± 0.0016
Center 0.1400 ± 0.0027
Right Side 0.0900 ± 0.0014

TABLE IV: Rank-1 rate (%) accuracy results when the set
comprises images of the same pose but different illuminations.
For example: [(P1, I01), (P1, I03), (P1, I05)].

Method P1 P4 P7 P10 P13 P16 P19

QAN 22.67 69.23 83.33 89.87 84.81 67.09 16.67
CLFR 58.33 90.67 100.00 100.00 100.00 92.11 73.33
CDN 52.78 88.00 100.00 100.00 100.00 92.11 77.33

P2 P5 P8 P11 P14 P17 P20

QAN 56.41 91.03 96.20 96.20 96.20 89.87 63.29
CLFR 84.00 96.00 98.68 100.00 100.00 96.05 85.53
CDN 84.00 94.67 98.68 100.00 100.00 97.37 86.84

P3 P6 P9 P12 P15 P18 P21

QAN 25.97 64.10 86.08 94.94 88.61 70.51 30.77
CLFR 54.05 85.33 100.00 100.00 98.68 85.33 42.67
CDN 47.30 86.67 100.00 100.00 98.68 89.33 46.67

three approaches when the set comprises three or six images
and report the obtained results in Figure 4. For a set of six
images, CDN’s performance is still superior to the rest of the
methods but not as much as with sets of three. A reason for
this is that when sets comprise six images, it is likely that
more informative images will be included and so a weighting
scheme is less important.

D. How is the confidence score distributed across poses and
illuminations?

In Figure 5, we present the confidence score predictions
of the PPN for the UHDB-31 dataset, averaged for each
pose, along with their standard error. We observe that the
performance predictor provides on average higher confidence
to images with near-frontal poses. The standard error for near-
frontal poses (i.e., Pose IDs 10, 11, 12) is at least twice as
much compared to the larger poses (i.e., Pose IDs 1, 2, 3,
19, 20, 21). The reason for this is that there are other factors
besides the pose (such as skin color or illumination) that affect
the identification performance. For images with extreme poses,
the pose is the main reason for the performance drop. Thus,
the standard deviation is smaller.

We now focus on the three different sources of lighting for
which we provide our results in Table III. The performance
predictor favors center lighting on average, and performs
similarly in the other two illumination conditions.

Fig. 5: Confidence score estimates of the performance pre-
dictor under different poses when tested on the UHDB-31
database.

(a)

(b) (c)

Fig. 6: (a): Ranking of randomly selected images from low
to high confidence from the IJB-A. (b): For the same subject
CDN places more emphasis on samples that do not suffer from
occlusions or image blur. (c): For the same pose and the same
illumination condition, images from different subjects attain
significantly different confidence scores.

E. What is the Performance Predictor Learning?

Looking solely at aggregated pose and illumination results
does not provide a full picture of what the performance predic-
tor is learning. Towards this direction, we provide qualitative
results in Fig. 6. In Figures (b,c), we observe that: (i) for
the same subject CDN assigns significantly less confidence to
images with occlusions or blur, and (ii) when both pose and
illumination conditions are kept constant, different subjects
can have up to three times higher confidence than others.

VI. CONCLUSIONS

In this paper, we proposed the Confidence Driven Network
(CDN): a framework that jointly learns a feature vector and a
confidence score for each image in a multi-probe face identi-
fication setup. To learn the confidence score, a single sample-
test mechanism was introduced to quantify the discriminative
level of the template. CDN improves the rank-1 identification



rate for multi-probe face identification in the selected datasets.
We observed that CDN exhibits superior performance when
image sets contain large pose variations, whereas for large
image sets, the improvements are not significant. We identified
several visual properties of the original image (e.g., pose,
illumination, skin color) that affect the confidence score and
provided quantitative and qualitative results to support our
claims. Which exactly are these properties and to what extent
they contribute to the identification accuracy is a topic for
future research.
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