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Abstract

Deep neural networks based object detectors have shown great success in a variety
of domains like autonomous vehicles, biomedical imaging, etc., however their
success depends on the availability of a large amount of data from the domain
of interest. While deep models perform well in terms of overall accuracy, they
often struggle in performance on rare yet critical data slices. For e.g., detecting
objects in rare data slices like “motorcycles at night" or “bicycles at night" for
self-driving applications. Active learning (AL) is a paradigm to incrementally
and adaptively build training datasets with a human in the loop. However, current
AL based acquisition functions are not well-equipped to mine rare slices of data
from large real-world datasets, since they are based on uncertainty scores or
global descriptors of the image. We propose TALISMAN, a novel framework for
Targeted Active Learning for object detectlon with rare slices using Submodular
MutuAl iNformation. Our method uses the submodular mutual information
functions instantiated using features of the region of interest (Rol) to efficiently
target and acquire images with rare slices. We evaluate our framework on the
standard PASCAL VOCO07+12 [[7] and BDD100K [29], a real-world large-scale
driving dataset. We observe that TALISMAN consistently outperforms a wide
range of AL methods by ~ 5% — 14% in terms of average precision on rare slices,
and =~ 2% — 4% in terms of mAP. The code for TALISMAN is available here:
https://github.com/surajkothawade/talisman,

1 Introduction

Deep learning approaches for object detection have made a lot of progress, with accuracies improving
consistently over the years. As a result, object detection technology is extensively being used and
deployed in applications like self-driving cars and medical imaging, and is approaching human
performance. One critical aspect, though in high-stake applications like self-driving cars and medical
imaging, is that the cost of failure is very high. Even a single mistake in the detection and specifically
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a false-negative (e.g., missing a pedestrian on a highway or a motorcycle at night) can result in a
major and potentially fatal accidentﬂ

An important aspect in such problems is that
there are a number of rare yet critical slices of 696389
objects and scenarios. Because many of these
rare slices are severely under-represented in the
data, deep learning based object detectors of-
ten perform poorly in such scenarios. Some
examples of such data slices are “motorcycles
at night”, “pedestrians on a highway”, and “bi-
cycles at night”. Fig. [I] shows the distribution
of slices in the BDD100K [29] dataset. As is
evident, these slices are very rare — for instance,
the number of motorcycles at night, is 0.094%
of the number of cars in the dataset.
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This causes a more pronounced issue in the Figure 1: Problem Statement: Rare classes and
limited data setting. To understand the effect Rare slices in BDD100K [29]. Motorcycle and
of this imbalance, we trained a Faster-RCNN  bicycle classes have the least number of objects,
Model [21] on a small subset of BDD100K (5%  thereby making them rare classes, on which the
of the dataset) and we noticed a significant dif- model performs the worst in terms of average pre-
ference in mAP between “cars” class (around  cision (AP). Further, motorcycle/bicycle objects at
55% mAP) and “motorcycle” (around 9% mAP). night are rarer, thereby making them rare slices
This gap is even more pronounced for rare slices. on which the model performs the worst.

AL based data sampling is an increasingly pop-

ular paradigm for training deep learning classifiers and object detectors [5} 23} 127, 9] because such
approaches significantly reduce the amount of labeled data required to achieve a certain desired
accuracy. On the other hand, current AL based paradigms are heavily dependent on aspects like uncer-
tainty and diversity, and often miss rare slices of data. This is because such slices, though critical for
the end task, are a small fraction of the full dataset, and play a negligible role in the overall accuracy.

1.1 Our Contributions

In this paper, we propose TALISMAN, a novel active learning framework for object detection, which
(a) provides a mechanism to encode the similarity between an unlabeled image and a small query set
of targeted examples (e.g., images with “motorcycles at night" Rols), and (b) mines these examples
in a scalable manner from a large unlabeled set using the recently proposed submodular mutual
information functions. We also provide an approach where we can mine examples based on multiple
such rare slices. Similar to standard active learning, TALISMAN is an interactive human-in-the-loop
approach where images are chosen iteratively and provided to a human for labeling. However, the key
difference is that TALISMAN does the selection by targeting rare slices using only a few exemplars.
The overview of targeted selection using TALISMAN is shown in Fig.[3]

Empirically, we demonstrate the utility of TALISMAN on

a diverse set of rare slices that occur in the real-world. Gain in Rare Class AP on
13.8 Rare Slice Over the Best Baseline

Specifically, we see that TALISMAN outperforms the best
baseline by significant margins on different rare slices (c.f.

Fig.2).

2 Related Work

Gain in AP(%)

A number of recent works have studied deep active Figure 2: Efficiency of TALISMAN over
learning for image classification [25, [1, 28, 24} [14, (17, 14]].  the best-performing baseline on a variety
The most common approach for active learning is to select of rare slices in BDD100K

the most uncertain examples. These include approaches

' An unfortunate example of this is the self-driving car crash with Uber: https://www.theverge.com/
2019/11/6/20951385/uber-self-driving-crash-death-reason-ntsb-dcouments| where the self-
driving car did not detect a pedestrian on a highway at night, resulting in a fatal accident.
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like ENTROPY [25], LEAST CONFIDENCE [27], and

MARGIN [22]. One challenge of this approach is that all

the samples within a batch can be potentially similar, even though they are uncertain. Hence, a
number of recent works have ensured that we select examples that are both uncertain and diverse.
Examples include BADGE [1]], FASS [28], BATCH-BALD [[16], CORESET [24]], and so on.

Recently, researchers have started applying ac-
tive learning to the problem of object detection.
[S]] proposed an uncertainty sampling based ap-
proach for active object detection, while [23]]
proposed a ‘query-by-committee’ paradigm to
select the most uncertain items for object de-
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Momrcycle(s) at Night

tection. Recently [9]], studied several scoring

functions for active learning, including entropy

based functions, coreset based functions, and so —— Labetod so
: - :>|g—|7 Aol

on. [13] proposed an active learning approach o

based on the localization of the detections, and
studied the role of two metrics called “localiza-
tion tightness" and “localization stability" as un-
certainty measures. [6] studied active learning
in the setting of users providing weak supervi-
sion (i.e., just suggesting the label and a rough
location as opposed to drawing bounding boxes
around the objects). All these approaches have Figure 3: Targeted Selection using TALISMAN for
shown significant labeling cost reductions and one round of targeted active learning. Motorcycles
gains in accuracy compared to random sampling. at night is a rare slice in the labeled data. We mine
However, the major limitation with these ap- images from the unlabeled set that semantically
proaches (which are mostly variations of uncer- similar to the Rols in the query set by using the
tainty) is that they focus on the overall accuracy, submodular mutual information (SMI) functions.
and do not necessarily try to select instances These images are then labeled and added to the
specific to certain rare yet critical data slices. To labeled data to improve performance on the rare
overcome these limitations, we provide a gener- slice.

alized paradigm for active learning in object detection, where we can target specific rare data slices.

rain Object|
Detector

Query Set Q with Improved
with Motorcycle Performance
at Night Rol on Rare Slice
(Motorcycle at
Night)

A related thread of research is the use of the recently proposed submodular information measures [[11]]
for data selection and active learning. [15] extended the work of [11] and proposed a general
family of parameterized submodular information measures for guided summarization and data
subset selection. [17] use the submodular information measures for active learning in the image
classification setting to address realistic scenarios like imbalance, redundancy, and out-of-distribution
data. Finally, [18]] use the submodular information measures for personalized speech recognition.
To our knowledge, this is the first work which proposes an active learning framework for object
detection capable of handling rare slices of data.

3 Background

In this section, we discuss different submodular functions and their mutual information instantiations.

3.1 Submodular Functions

Submodular functions are an appealing class of functions for data subset selection in real-world
applications due to their diminishing returns property and their ability to model properties of a
good subset, such as diversity, representation and coverage [26} 2} 3 [12]]. Consider an unlabeled set
U=1{1,2,3,--- n}and aset function f : 2“ — R. Formally, f is defined to be submodular [8] if
forx e U, f(AUz)— f(A) > f(BUz)— f(B),VA C B C U and = ¢ B. For data subset selection
and active learning, a number of recent approaches [28}[14]] use f as an acquisition function to obtain a
real-valued score for f(.A), where A C U. Given a budget B (the number of elements to select at every
round of subset selection of batch active learning), the optimization problem is: max 4.)4)<5 f(A).
Two examples of submodular functions that we use in this work are Facility Location (FL) and Graph
Cut (GC) functions (see Tab. a)). They are instantiated by using a similarity matrix S, that stores



the similarity scores S;; between any two data points 7, j. The submodular functions admit a constant
factor approximation 1 — % [20] for cardinality constraint maximization. Importantly, submodular
maximization can be done in near-linear time using variants of greedy algorithms [19].

3.2 Submodular Mutual Information (SMI)

While submodular functions are a good choice of functions for standard active learning, in this work,
we want to not only select the most informative and diverse set of points, but also select points which
are similar to a specific target slice (typically only a few examples from a rare slice). The Submodular
mutual information (SMI) functions capture this second property and are defined as I(A; Q) =
FA)+f(Q)— f(AUQ), where Q is a query or target set (e.g., a few sample images of “motorcycles
at night"). Intuitively, maximizing the SMI functions ensure that we obtain diverse subsets that are rel-
evant to a query set Q. We discuss the details of the SMI functions used in our work in the next section.

3.3 Specific SMI Functions Used In TALISMAN

We adapt the mutual information variants of Fa-

cility Location (FL) and Graph Cut (GC) func- Table 1: Instantiations of different submodular
tions [15]] for targeted active learning. functions.

Facility Location: The FL function models (a) Instantiations of
representation (i.e., it picks the most represen- §ubmodular func-
tative points or “centroids"). The FL based tions.

SMI function called FLMI can be written as

(b) Instantiations of
SMI functions.

ieQ JEA iEAJEQ FL 2 max Sij FLMI max S;;+ > max Sij
This function models representation as well as Ge ie”z":e 5 ghieA T Euiea
query relevance. ieigeu GCMI 2 g gjg Sij
J J
Graph Cut: The G¢ function models diversity i,jze:A S

and representation, and has modeling properties
similar to FL. The SMI variant of GC is
defined as GCMI, which maximizes the pairwise
similarity between the query set and the unlabeled set. The GCMI function can be written as
Ip(A;Q) =230 > Sy

icAjeQ
Tab. Eka) and (b) demonstrate the SMI functions we will use in this work and the corresponding
submodular functions instantiating them. Note that in [[L1} [15], a number of other SMI functions
and instantiations have been proposed. However, keeping scalability to large datasets in mind (see
Sec. @, we only focus on these two.

4 TALISMAN: Our Targeted Active Learning Framework for Object
Detection

4.1 TALISMAN Framework

In this section, we present TALISMAN, our targeted active learning framework for object detection.
We show that TALISMAN can efficiently target any imbalanced scenario with rare classes or rare
slices. We summarize our method in Algorithm |1} and illustrate it in Fig. 4l The core idea of our
framework lies within instantiating the SMI functions such that they can mine for images from the
unlabeled set which contain proposals semantically similar to the region of interests (Rols) in the
query set. The query set contains exemplars of the rare slice that we want to target.

We start with training an object detection model M on an initial labeled set £. Using M, we compute
embeddings of the query set Q and the unlabeled set /. Next, we compute pairwise cosine similarity
scores Syu, Vg € Q,Yu € U to obtain a similarity matrix S € RI<I*UI We discuss the details of
computing Sy, for a single query image ¢ and a single unlabeled image u in Sec.[4.2] Using the
similarity matrix .S, we instantiate the SMI function I;(A; Q) as discussed in Sec. te that both
the SMI functions we consider in this work are similarity based functions). Finally, we acquire a
subset A that contains regions that are semantically similar to the Rol in Q by maximizing the SMI



Algorithm 1 TALISMAN: Targeted AL Framework for Object Detection (Illustration in Fig. [

Require: Initial labeled set of data points: £, large unlabeled dataset: I/, small query set Q, object
detection model M, batch size: B, number of selection rounds: N.
1: for selectionround ¢ =1: N do
2:  Train model M on the current labeled set £ and obtain parameters 6;
3:  Compute S € RIS*¥UI guch that: S, <+ TARGETEDSIM(M,,,Z,,Z,), Vg € Q,Yu € U
{ Algorithm [2]}
4:  Instantiate a submodular function f based on S.
5 A; < argmax 4y | 4< gL (A; Q) {Greedy maximization of SMI function to select a subset

A}
6:  Getlabels L(A;) for batch A; and £ < LU L(A;), U + U — A;
7: end for

8: Return trained model M and parameters 6.

function I(A; Q):
max I7(A; Q). (D

ACU,|AI<B
Since this function is submodular (i.e. I7(A; Q) is submodular in A for a fixed query set Q), we
use a greedy algorithm [20] (to solve Equ. and Line 5 in Algorithm which ensures a 1 — i
approximation guarantee of the optimal solution.

4.2 Targeted Similarity Computation

We summarize our method for targeted similar-
ity computation in Algorithm [2]and illustrate it
in Fig.[5] For simplicity, consider a single query
image Z, € Q with T Rols (targets) indicating a

rare slice, and an unlabeled image Z,, € U with T

P region proposals obtained using a region pro- :
posal network (RPN). Using M that is trained w PR Selected Subset £
on L, we compute the embedding of the Rols in

T, to obtain &, € RT*P and for the proposals

: PxD . . .
of Z, to obtain gu €R - Here, D denotes Figure 4: Architecture of TALISMAN during one
the dimensionality of each feature vector repre-  rqynd of targeted active learning. We illustrate the

senting a Rol or region proposal. We use the targeted similarity computation in Fig. El
embeddings &, and &, to represent Z, and Z,,

respectively. We use these embeddings to compute the targeted similarity (see Algorithm 2).
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Figure 5: TARGETEDSIM: Targeted Similarity computation in TALISMAN.
In order to compute cosine similarity between &; and &, efficiently, we L2-normalize along the
feature dimension of length D. This enables us to highly parallelize the similarity computation via
off-the-shelf GPU enabled dot productﬂimplementations. Next, we compute the dot product along

2See torch.tensordot



the feature dimension to obtain pairwise similarities between 71" Rols in Z, and the P proposals in Z,,
which gives us Rol-proposal score map X,,, € RT*F_ Finally, we assign the similarity score S,
between Z, and Z,, by computing the element-wise maximum of &y, which entails the best matching
proposal of the P region proposals to some query Rol in the 7" Rols.

Algorithm 2 TARGETEDSIM: Targeted Similarity Matching (Illustration in Fig.

Require: Local feature extraction model Fy, Z, € Q with T' Rols and Z,, € U with P region

proposals.

11 & + Fp(Zy) (€, € RT*P}

20 Ey + Fp(T,) {E, € RPXD)

3: Xy, + COSINE_SIMILARITY(Ey, &) { Xy € RT*F. Compute Cosine similarity along the
feature dimension}

4: Squ + max(AXy,) {Element-wise Max, Sy, represents the score between the best matching
proposal j € P to some query Rol ¢ € T'}

5: Return Similarity score Sy,

4.3 Using TALISMAN to Mine Rare Slices

A critical input to TALISMAN (Algorithm [T) is the query set Q. The query set consists of a specific
target slice, which could be a rare class (e.g. “motorcycles") or a rare slice (“motorcycles at night").
In our experiments, we study the role of TALISMAN for both scenarios. For our setting to be realistic,
we need to ensure that Q is tiny — since these are rare slices, we cannot assume that we have access
to numerous of these rare examples. For this reason, we set Q to be between 2 and 5 examples in
our experiments. It is worth noting that since the SMI functions naturally model relevance to the
query set and diversity within the selected subset, they pick a diverse set of data points which are
relevant to the query set O.

4.4 Scalability of TALISMAN

A key factor in the efficiency of TALISMAN is the choice of SMI functions FLMI and GCMI. The
memory and time complexity of computing the similarity kernel for both these functions is only
|Q| x |U]| — since Q is a tiny held-out set of the examples from the rare slice (of size 2 to 5), the
time complexity of creating and storing the FLMI and GCMI functions is only O(U). For the
greedy algorithm [20], we use memoization [10]]. This ensures that the complexity of computing
the gains for both FLMI and GCMI functions is in fact O(]Q|, which is a constant, so the amortized
complexity using the lazy greedy algorithm is |U{| log |U/|. We can also use the lazier than lazy greedy
algorithm [19], which ensures that the worst case complexity of the greedy algorithm is only |I/].
As a result, both FLMI and GCMI can be optimized in linear time (with respect to the size of the
unlabeled set), thereby ensuring that TALISMAN can scale to very large datasets.

5 Experimental Results

In this section, we empirically evaluate the effectiveness of TALISMAN for a wide range of real-world
scenarios where the dataset has one or more rare classes or rare slices. We do so by comparing
the performance of TALISMAN instantiated SMI functions (Tab.[I[b)) with existing active learning
approaches using a wide variety of metrics, namely the mean average precision (mAP), average
precision (AP) of the rare slice, and the number of data points selected that belong to the rare slice.

5.1 Experimental Setup

We apply TALISMAN for object detection tasks on two diverse public datasets: 1) the standard PAS-
CAL VOCO07+12 (VOC07+12) [7]] and 2) BDD100K [29], a large scale driving dataset. VOC07+12
has 16,551 images in the training set and 4,952 images in the test set which come from the test set
of VOCO07. BDD100K consists of 70K images in the training set, 10K images in the validation set
and 20K images in the test set. Since the labels for the test set are not publicly available, we use the
validation set for evaluation. For active learning (AL), we split the training set into the labeled set £
and unlabeled set U/.
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Figure 6: Active Learning with rare classes on VOC07+12. Plot (a) shows the average AP of the rare
classes, plots (b-c) show the number of boat and bottle objects selected respectively, plot (d) shows
the mAP on the VOCO7+12 test set. We observe that the SMI functions (FLMI, GCMI) outperform
other baselines by ~ 8% — 10% average AP of the rare classes.

Baselines in All Scenarios: We compare TALISMAN instantiated SMI functions with multiple AL
baselines: namely ENTROPY [25] 9]], Targeted Entropy (T-ENTROPY), Least Confidence (LEAST-
CONF) [27]], MARGIN [22]], FASS [28], CORESET [24]], BADGE [1]] and RANDOM sampling.

5.2 Rare Classes

Dataset setting: We conduct the experiments for the rare classes scenario on the VOC07+12 dataset.
In particular, we create the initial labeled set, £ which simulates the rare classes by creating a
class imbalance at an object level. Let C* be the number of objects from a rare (infrequent) class
7 and B]-L be the number of objects from a frequent class j. The initial labeled set L is created such

that the imbalance ratio between C~ and Bf is at least p, i.e., p < (B]E /CF). All the remaining
data points are used in the unlabeled set /. In our experiments, we choose two classes to be rare
from VOCO7+12: ‘boat’ and ‘bottle’. We do so due to two reasons: 1) they are by default the most
uncommon objects in VOC, thereby making them the natural choice, and 2) they are comparatively
smaller objects than other classes like ‘sofa’, ‘chair’, ‘train’, efrc. We use a small query set Q
containing 5 randomly chosen data points representing the rare classes (Rols). We construct the
initial labeled set by setting p = 10, |C*| = 20 and |B*| = 2858. This gives us an initial labeled
seed set of size |£| = 1143 images. Note that the imbalance ratio is not exact because objects of
some classes are predominantly present in most images, thereby increasing the size of |B*|.

Results: In Fig. [f] we compare the performance of TALISMAN on the rare classes scenario in
VOCO07+12 [[7]. We observe that TALISMAN significantly outperforms all state-of-the art uncertainty
based methods (ENTROPY, LEAST-CONF, and MARGIN) by ~ 8% — 10% (Fig.[6(a)) in terms of
average precision (AP) on the rare classes and by = 2% — 3% in terms of mAP (Fig. Ekd)). This
improvement is performance is because the TALISMAN instantiated functions (GCMI and FLQMTI)
are able to select more data points that contain regions with objects belonging to the rare classes (see
Fig.[6[c)). Interestingly, the TALISMAN functions were also able to give a fair treatment to multiple
rare classes at the same time by selecting significant number of objects belonging to both the rare
classes (‘boat” and ‘bottle’, see Fig.[6fb,c)). This suggests that TALISMAN is able to select diverse
data points by appropriately targeting regions containing rare class objects in the query image.

5.3 Rare Slices

Dataset setting: We chose BDD100K [29] since it is a realistic, large, and challenging dataset that
allows us to evaluate the performance of TALISMAN on datasets with naturally occurring rare slices.
Since we want to evaluate rare slices, the procedure to simulate the initial labeled set and the evaluation
is slightly different from the rare classes experiment in the above section. In the following sections,
we discuss experiments where the initial labeled set £ has a rare slice made of a class and an attribute.
For instance, motorcyles (class) at night (attribute), pedestrians (class) in rainy weather (attribute), efc.
Let |OZ| be the number of objects in £ that belong to class c and attribute A. Concretely, we create a
balanced initial labeled set £, such that each class ¢ contributes an equal number of objects, i.e.|O.1| =
|Oca|, Vel, 2. Let i be the class involved in the rare slice. We simulate the rare slice by creating an
imbalance in O, based on an attribute A such that the ratio between the number of objects of class

i with attribute A and the ones without attribute A (denoted by A) is at least p, i.e.p < (|(’)§| /IOA)).
In all the rare slice experiments, we start with an initial labeled set by setting p = 10, |O%| = 100,
and |O#| = 10. For all other classes j, we randomly pick objects such that |O;| = 110. Note that
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Figure 7: Active Learning with Motorcycle (MC) at Night (top row) and Bicycle (BC) at Night
(bottom row) rare slices on BDD100K. Left side plots (a,d,g) show the AP of the rare class on the
rare slice of data, center plots (b,e) show the number of objects selected that belong to the rare slice,
and right side plots (c,f) show the mAP on the full test set of BDD100K. We observe that the SMI
functions (FLMI, GCMI) outperform other baselines by ~ 5% — 14% AP of the rare class on the rare
slice. In (h,i), we show that TALISMAN selects more objects from multiple rare slices in comparison
to the existing methods.

we use a small query set in all experiments (=~ 3 — 5 images). The exact number of images in £
and Q for each experiment is given in Appendix. [B| For evaluation, we compare the performance of
TALISMAN using three metrics: 1) Rare Class Rare Slice AP: the average precision (AP) of the ‘rare
class’ (e.g.motorcycle) on the ‘rare slice’ (e.g.night), 2) # Rare Slice Objects: the number of objects
selected that belong to the rare slice, and 3) Overall Test mAP: the mAP on the complete test set.

Motorcycle or Bicycle at Night rare slice results: We show the results for the ‘motorcycle at night’
and ‘bicycle at night’ rare slices in Fig. [7(top and middle row). We observe that the TALISMAN
outperforms other baselines by = 5% — 14% AP of the rare class on the rare slice (see Fig.[7|(a,d)),
and by =~ 2% — 4% (see Fig. (c,f)) in terms of mAP on the full test set. The gain in AP of the rare
class and mAP increases in the later rounds of active learning, since the embedding representation of
the model improves. Specifically, GCMI outperforms all methods since it models query-relevance
well by selecting many rare class objects that belong to the rare slice (see Fig.[7(b,e)).

Motorcycle and Bicycle at Night rare slice results: We show the results for a scenario with multiple
rare slices: ‘motorcycle and bicycle at night” (Fig. [/(bottom row)). Importantly, we observe that
TALISMAN selects more number of objects from both the rare slices in comparison to existing
methods (see Fig. [7[(h,i)). This is critical in real-world scenarios, since there are often cases with
multiple co-occuring rare slices.

Pedestrian at Night or Rainy or Highway rare slice results: To study the robustness of TALISMAN
in diverse real-world scenarios, we evaluate its performance for the ‘pedestrian’ rare class on multiple
attributes - 1) ‘night’, 2) ‘rainy’, and 3) ‘highway’ (see Fig.[8)). We observe consistent performance
of both the TALISMAN instantiated functions (GCMI and FLMTI) across all scenarios. Concretely,
we show that our framework can robustly find more pedestrians than any other baseline across all
rare slices (see Fig. b,e,h)), which leads to a performance gain of ~ 5% — 10% AP over existing
baselines for the pedestrian class on the rare slice. This reinforces the need for a framework like
TALISMAN for improving the performance of object detectors on such rare slices.
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Figure 8: AL with Pedestrian (Ped) at Nighttime (top row), Pedestrian in Rainy Weather (middle
row), and Pedestrian on a Highway (bottom row) rare slices on BDD100K. Left side plots (a,d,g)
show the AP of the rare class on the rare slice of data, center plots (b,e,h) show the number of objects
selected that belong to the rare slice, and right side plots (c,f,i) show the mAP on the full test set
of BDD100OK. We observe that the SMI functions (FLMI, GCMI) outperform other baselines by
~ 5% — 10% AP of the pedestrian class on the rare slice.

6 Conclusion

In this paper, we present a targeted active learning framework TALISMAN that enables improving
the performance of object detection models on rare classes and slices. We showed the utility of our
framework across a variety of real-world scenarios with one or more rare classes and slices on the
PASCAL VOCO07+12 and BDD100K driving dataset, and observe a =~ 5% — 14% gain compared to
the existing baselines. Moreover, TALISMAN can select objects belonging to multiple co-occuring
rare slices and simultaneously improve their performance, which is critical for modern object
detectors. The main limitation of our work is the requirement of a reasonable feature embedding for
computing similarity.

Appendix

A Summary of Notations

We summarize the notations used in this paper in Tab. 2]

B Additional Experiments and Details

We provide the exact number of images in the initial labeled set £ and the query set Q for each rare
slice experiment in Tab. [3] Further, in Fig.[9]and Fig.[I0] we qualitatively show how TALISMAN is
able to fix a false negative motorcycle failure case. Lastly, in Fig.[TT|we show the effectiveness of
TALISMAN in another rare classes scenario on the BDD100K dataset. We observe that SMI functions
used in TALISMAN outperform the baselines by ~ 8% — 14% AP of the rare class and by ~ 3% — 4%
in terms of the mAP.



| Topic

Notation |

Explanation

TALISMAN (Sec. E[)

OMS v NENTLONSHER

Unlabeled set of || instances

A subset of U

Similarity between any two data points 7 and j

A submodular functions

Labeled set of data points

Query set

Object detection model

Active learning selection budget

A single query image in the query set Q

A single unlabeled image in the unlabeled set U/
Number of region of interests (Rols) in a single
query image Z,

Number of proposals in a single unlabeled image
Iy

Embedding of 7' Rols in Z,, &, € RTxD
Embedding of P proposals in Z,,, £, € RP*P
Dimensionality of each feature vector representing
a Rol/proposal

TALISMAN for Rare | B%
Classes (Sec. @)

p

Ey Feature extraction module with parameters 6

Xy Intermediate score map obtained by computing
cosine similarity between £, and £, X,,, € RT*”

Cck Number of objects in L that belong to the rare (in-

frequent) class ¢. The total number of rare objects
in £ is |C¥|

Number of objects in £ that belong to the frequent
class j. The total number of rare objects in L is
B~

Imbalance ratio between C£ and Bf

[erd

TALISMAN for Rare \(9§\
Slices (Sec.[5.3)

P

Total number of objects in £ that belong to class ¢
and have the attribute A

Total number of objects in L that belong to class ¢
and do not have the attribute A

Imbalance ratio between |04 | and |O§|

Table 2: Summary of

Table 3: Number of data points in the ini
experiments in Sec.[5.3|

notations used throughout this paper

tial labeled set £ and query set Q for different rare slice

Initial £ Size | Query Set Q Size

Rare Slice (# Images) (# Images)

Motorcycle at Nighttime 363 5
Bicycle at Nighttime 348 5
Pedestrian at Nighttime 355 3
Pedestrian in Rainy Weather 361 5
Pedestrian on a Highway 362 5

References

[1] Jordan T Ash, Chicheng Zhang, Akshay Krishnamurthy, John Langford, and Alekh Agar-
wal. Deep batch active learning by diverse, uncertain gradient lower bounds. arXiv preprint

arXiv:1906.03671, 2019.

[2] Francis Bach. Learning with submodular functions: A convex optimization perspective. arXiv

preprint arXiv:1111.6453, 2011.

10




Figure 9: A false negative motorcycle at night on the road (left) fixed to a true positive detection
(right) using TALISMAN.

Figure 10: A false negative motorcycle at night parked on the road (left) fixed to a true positive
detection (right) using TALISMAN.

=X=+FLMI ==+ GCMI —@— ENTROPY —@— T-ENTROPY —@— MARGIN —-@=- LEAST-CONF —@— RANDOM

(c) BDD100K-MC: Full-Test mAP

z (2) BDD10OK-MC: Avg AP of Rare Class - () BDD100K-MC: # Rare Class Objects

%25

9]

0 =y Kot

e
w
S

<25.0

—
S o

o w

Avg AP (%) of Rar

5
&
H*

400 600 800 1000 1200 1400 1600 400 600 800 1000 1200 1400 1600
Labeled Set Size Labeled Set Size

400 600 800 1000 1200 1400 1600
Labeled Set Size

Figure 11: Active Learning with Motorcycle (MC) rare class on BDD100K. Left side plot (a) shows
the AP of the rare class, center plot (b) show the number of objects selected that belong to the rare
class, and right side plots (c) show the mAP on the full test set of BDD100K. We observe that the
SMI functions (FLMI, GCMI) outperform other baselines by &~ 8% — 14% AP of the rare class.

[3] Francis Bach. Submodular functions: from discrete to continuous domains. Mathematical
Programming, 175(1):419-459, 2019.

[4] Nathan Beck, Durga Sivasubramanian, Apurva Dani, Ganesh Ramakrishnan, and Rishabh
Iyer. Effective evaluation of deep active learning on image classification tasks. arXiv preprint
arXiv:2106.15324, 2021.

[5] Clemens-Alexander Brust, Christoph Kéding, and Joachim Denzler. Active learning for deep
object detection. arXiv preprint arXiv:1809.09875, 2018.

[6] Sai Vikas Desai, Akshay L Chandra, Wei Guo, Seishi Ninomiya, and Vineeth N Balasubrama-
nian. An adaptive supervision framework for active learning in object detection. arXiv preprint
arXiv:1908.02454, 2019.

11



(71

(8]
(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. International journal of computer vision, 88
(2):303-338, 2010.

Satoru Fujishige. Submodular functions and optimization. Elsevier, 2005.

Elmar Haussmann, Michele Fenzi, Kashyap Chitta, Jan Ivanecky, Hanson Xu, Donna Roy,
Akshita Mittel, Nicolas Koumchatzky, Clement Farabet, and Jose M Alvarez. Scalable active
learning for object detection. In 2020 IEEE Intelligent Vehicles Symposium (IV), pages 1430—
1435. IEEE, 2020.

Rishabh Iyer and Jeffrey Bilmes. A memoization framework for scaling submodular optimiza-
tion to large scale problems. In The 22nd International Conference on Artificial Intelligence
and Statistics, pages 2340-2349. PMLR, 2019.

Rishabh Iyer, Ninad Khargoankar, Jeff Bilmes, and Himanshu Asanani. Submodular combina-
torial information measures with applications in machine learning. In Algorithmic Learning
Theory, pages 722—754. PMLR, 2021.

Rishabh Krishnan Iyer. Submodular optimization and machine learning: Theoretical results,
unifying and scalable algorithms, and applications. PhD thesis, 2015.

Chieh-Chi Kao, Teng-Yok Lee, Pradeep Sen, and Ming-Yu Liu. Localization-aware active
learning for object detection. In Asian Conference on Computer Vision, pages 506-522. Springer,
2018.

Vishal Kaushal, Rishabh Iyer, Suraj Kothawade, Rohan Mahadev, Khoshrav Doctor, and Ganesh
Ramakrishnan. Learning from less data: A unified data subset selection and active learning

framework for computer vision. In 2019 IEEE Winter Conference on Applications of Computer
Vision (WACV), pages 1289-1299. IEEE, 2019.

Vishal Kaushal, Suraj Kothawade, Ganesh Ramakrishnan, Jeff Bilmes, and Rishabh Iyer. Prism:
A unified framework of parameterized submodular information measures for targeted data
subset selection and summarization. arXiv preprint arXiv:2103.00128, 2021.

Andreas Kirsch, Joost Van Amersfoort, and Yarin Gal. Batchbald: Efficient and diverse batch
acquisition for deep bayesian active learning. Advances in neural information processing
systems, 32:7026-7037, 2019.

Suraj Kothawade, Nathan Beck, Krishnateja Killamsetty, and Rishabh Iyer. Similar: Sub-
modular information measures based active learning in realistic scenarios. arXiv preprint
arXiv:2107.00717, 2021.

Mayank Kothyari, Anmol Reddy Mekala, Rishabh Iyer, Ganesh Ramakrishnan, and Preethi
Jyothi. Personalizing asr with limited data using targeted subset selection. arXiv preprint
arXiv:2110.04908, 2021.

Baharan Mirzasoleiman, Ashwinkumar Badanidiyuru, Amin Karbasi, Jan Vondrak, and An-
dreas Krause. Lazier than lazy greedy. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 29, 2015.

George L Nemhauser, Laurence A Wolsey, and Marshall L Fisher. An analysis of approximations
for maximizing submodular set functions—i. Mathematical programming, 14(1):265-294,
1978.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time
object detection with region proposal networks. Advances in neural information processing
systems, 28:91-99, 2015.

Dan Roth and Kevin Small. Margin-based active learning for structured output spaces. In
European Conference on Machine Learning, pages 413—424. Springer, 2006.

Soumya Roy, Asim Unmesh, and Vinay P Namboodiri. Deep active learning for object detection.
In BMVC, volume 362, page 91, 2018.

Ozan Sener and Silvio Savarese. Active learning for convolutional neural networks: A core-set
approach. arXiv preprint arXiv:1708.00489, 2017.

Burr Settles. Active learning literature survey. 2009.

12



[26] Ehsan Tohidi, Rouhollah Amiri, Mario Coutino, David Gesbert, Geert Leus, and Amin Karbasi.
Submodularity in action: From machine learning to signal processing applications. IEEE Signal
Processing Magazine, 37(5):120-133, 2020.

[27] Dan Wang and Yi Shang. A new active labeling method for deep learning. In 2014 International
Jjoint conference on neural networks (IJCNN), pages 112-119. IEEE, 2014.

[28] Kai Wei, Rishabh Iyer, and Jeff Bilmes. Submodularity in data subset selection and active
learning. In International Conference on Machine Learning, pages 1954—1963. PMLR, 2015.

[29] Fisher Yu, Wenqi Xian, Yingying Chen, Fangchen Liu, Mike Liao, Vashisht Madhavan, and
Trevor Darrell. Bdd100k: A diverse driving video database with scalable annotation tooling.
arXiv preprint arXiv:1805.04687, 2(5):6, 2018.

13



	Introduction
	Our Contributions

	Related Work
	Background
	Submodular Functions
	Submodular Mutual Information (SMI)
	Specific SMI Functions Used In TALISMAN

	TALISMAN: Our Targeted Active Learning Framework for Object Detection
	TALISMAN Framework
	Targeted Similarity Computation
	Using TALISMAN to Mine Rare Slices
	Scalability of TALISMAN

	Experimental Results
	Experimental Setup
	Rare Classes
	Rare Slices

	Conclusion
	Summary of Notations
	Additional Experiments and Details

