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Abstract

As an extension to the matroid span problem, we propose the
submodular span problem that involves finding a large set of
elements with small gain relative to a given query set. We then
propose a two-stage Submodular Span Summarization (S3)
framework to achieve a form of conditional or query-focused
data summarization. The first stage encourages the summary
to be relevant to a given query set, and the second stage
encourages the final summary to be diverse, thus achieving
two important necessities for a good query-focused summary.
Unlike previous methods, our framework uses only a single
submodular function defined over both data and query. We an-
alyze theoretical properties in the context of both matroids and
polymatroids that elucidate when our methods should work
well. We find that a scalable approximation algorithm to the
polymatroid submodular span problem has good theoretical
and empirical properties. We provide empirical and qualitative
results on three real-world tasks: conditional multi-document
summarization on the DUC 2005-2007 datasets, conditional
video summarization on the UT-Egocentric dataset, and
conditional image corpus summarization on the ImageNet
dataset. We use deep neural networks, specifically a BERT
model for text, AlexNet for video frames, and Bi-directional
Generative Adversarial Networks (BiGAN) for ImageNet
images to help instantiate the submodular functions. The result
is a minimally supervised form of conditional summarization
that matches or improves over the previous state-of-the-art.

1 Introduction
Conditional data summarization involves extracting, from
a large dataset, a subset that is both relevant to a given
query set and representative of the large dataset. Multiple
applications in machine learning and information retrieval
are related to this task. For example, in query based
extractive Multi-Document Summarization (MDS), given
a large collection of text documents, the aim is to produce
a short human-readable summary that is not only relevant
to the query, but also representative of the information in
the full suite of documents. Similarly, query based image
summarization aims at retrieving a subset of diverse images
which are similar to the query images, given a large image
dataset. In fact, general web search can be cast in this
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framework, where the end result is a succinct summary of
the web that is relevant to the user query(s).

Conditional data summarization is related to generic
summarization (where there is no query to which relevance
is preferred), and is formulated as selecting a representative
subset of a large dataset, often based on maximizing a utility
function. The utility function captures properties such as
informativeness, diversity, and coverage and often satisfies
a submodularity property. Submodular functions possess
a natural diminishing returns property i.e., the incremental
value of a new element is less in a larger than in a smaller
context. Mathematically, a set function f : 2V → R is
submodular (Fujishige 2005) if for subsets S, T ⊆ V
such that S ⊆ T and j 6∈ T , f(j|S) ≥ f(j|T ) where
f(j|S) = f(S ∪ j)− f(S) is the marginal gain of adding j
to S. Given a submodular function f , generic summarization
can be addressed via cardinality constrained submodular
maximization maxA⊆V :|A|≤k f(A), which is solvable with
a constant factor i.e., (1 − 1/e) guarantee using the simple
greedy algorithm (Nemhauser, Wolsey, and Fisher 1978).

In machine learning, and fields such as natural language
processing (NLP) and information retrieval (IR), various ap-
proaches have been used to solve this problem. Query-based
MDS can be in either supervised where labels are available
and a training phase occurs, for example (Lin and Bilmes
2011, 2012) or unsupervised where there are no target labels
to train on as in (He et al. 2012; Yao, Wan, and Xiao 2015;
Feigenblat et al. 2017). In query-based extractive video
summarization, recent methods include snippet selection
using sequential and hierarchical Determinantal Point
Processes (DPP) (Sharghi, Gong, and Shah 2016; Sharghi,
Laurel, and Gong 2017). Although applicable, these methods
are supervised and consider the query to be extraneous to the
data/corpus. Given the tremendous growth in data and expen-
sive task-based data annotation, there is a pressing need for
an unifying conditional data summarization framework that
(a) generalizes to different queries i.e., query independent
function formulation, (b) supports multiple query summariza-
tion i.e., does not limit the query size to one, (c) considers the
query to be intrinsic to the data/corpus, and (d) is minimally
supervised i.e., uses pre-existing summarization labels only
on a limited validation set for hyperparameter tuning.

On this last point, extractive summarization labeling tasks
are much harder than standard machine learning labeling



and/or annotation tasks — the reason is that a training “set”
must be of the form D = {(Vi, Ai)}li=1 where ∀i, Vi is the
ith dataset and Ai ⊆ Vi is a summary of that dataset. For a
human annotator, creating this is extremely difficult; imagine,
for example, the task of selecting a size-1000 representative
subset from 100,000 images, i.e., where |Vi| = 100, 000
and |Ai| = 1000. Hence, minimal supervision (if any at all)
is not only desirable but necessary for the general task of
training or tuning big data summarization processes.

In this paper, we develop a new minimally supervised con-
ditional summarization framework based on a method that
we call the submodular span problem. This method produces
a conditional summary, i.e., a summary that is relevant to a
given query set Q ⊆ V . We formulate this as an optimization
problem over a submodular function f : 2V → R where
the ground set V involves both the query set Q and the data
items being summarized V \Q. The utility function f is
expected to capture the same fundamental properties that a
utility function would capture for a generic summary (i.e.,
diversity, representativeness, etc.). Also the utility function
does not need to be reformulated as the query set Q changes.

Our conditional summarization framework, called S3,
is formulated as a two-stage submodular optimization
problem where the first stage aims to select a large subset
that is relevant to the query set. Specifically, we minimize a
monotone, non-decreasing conditional submodular function
f(A|Q) (representing the conditional redundancy) subject
to a cardinality lower-bound constraint. Here f(A|Q) =
f(A ∪ Q) − f(Q). This first stage retrieves all data points
relevant to the query, but that might be redundant, as follows:

Stage 1: min
A⊆V \Q,|A|≥k1

f(A|Q). (1)

The second stage is a standard cardinality constrained
submodular maximization problem starting from the solution
of stage one as follows:

Stage 2: max
A⊆A∗Q,|A|≤k2

f(A) (2)

where A∗Q is the solution of stage one. This second stage
summarizes the redundant output of stage one, and therefore
produces a diverse and succinct summary of the data that
is still relevant to Q (i.e., stage two filters out the redundancy
in A∗Q). To solve stage two, we use the standard greedy
algorithm (Nemhauser, Wolsey, and Fisher 1978).

Our main contributions are summarized as follows:

• We propose a new task called submodular span problem
which involves finding a large set of data items that is
redundant with respect to a query set at hand. We analyze
its theoretical properties in context of both matroids and
polymatroids.

• Based on the above task, we develop a novel minimally su-
pervised two-stage conditional summarization framework
called submodular span summarization i.e., S3 framework
which produces a query-focused summary. It utilizes a
single submodular function for both stages and the utility
function does not need to be reformulated as the query set
changes.

• We demonstrate that the S3 framework leads to either com-
petitive or state-of-the-art results when applied to three
conditional data summarization problems: conditional
multi-document, video, and image corpus summarization.

The remainder of the paper is organized as follows. In
Section 2, we first discuss related work about existing
unsupervised and supervised methods for conditional data
summarization of different modalities. In Section 3, we
discuss the submodular span problem, where less is known.
In particular, we offer a scalable approximation algorithm for
stage one based on various modular approximations that we
motivate via an analysis of a version of the problem applied
to matroids, where the problem (as we show) is equivalent
to computing the matroid span. In Section 3.2, we generalize
this analysis to the submodular case where we show a
constant factor approximation for the submodular span
problem based on the curvature of f . Finally, we set forth to
demonstrate the application of our proposed S3 framework
on different conditional summarization tasks in Section 4.
We leverage unsupervised representation learning methods
such as a pre-trained BERT model (Devlin et al. 2018) for
encoding textual data in Section 4.1, AlexNet trained on
SentiBank (Chen et al. 2014) dataset for encoding video snip-
pets in Section 4.2, and BiGAN (Donahue, Krähenbühl, and
Darrell 2016) for encoding the ImageNet data in Section 4.3.

2 Related Work
Conditional Document Summarization: The majority of
existing extractive MDS methods are based on two tasks:
query based relevance ranking and sentence saliency score
based selection. One of the earlier standard methods is max-
imum marginal relevance (MMR) (Carbonell and Goldstein
1998) which uses a greedy approach to select the most rel-
evant sentences while considering the trade-off between rel-
evance and redundancy. (McDonald 2007; Gillick and Favre
2009) propose an optimal reformulation to the MMR frame-
work in the form of an integer linear programming problem.

The methods based on data reconstruction, for example
DSDR (He et al. 2012) reconstructs each sentence by a
non-negative linear combination of summary sentences and
then uses sparse coding to select summary sentences that
minimize the document reconstruction error. SpOpt (Yao,
Wan, and Xiao 2015) adds a sentence dissimilarity term
to the objective to maximize diversity. DocRebuild (Ma,
Deng, and Yang 2016) further builds upon the DSDR
framework using a neural document model. CTSUM (Wan
and Zhang 2014) utilizes several hand-crafted features to
predict sentence uncertainty scores and then uses them in
a graph-based ranking scheme. More recently, deep learning
based techniques such as DocEmb (Kobayashi, Noguchi,
and Yatsuka 2015) and the vector space model (Kågebäck
et al. 2014) utilize the sum of trained word embeddings to
represent sentences or documents and formalize the task as
maximizing a submodular function defined on the similarity
of embeddings. The state-of-the-art unsupervised method
called Dual-CES (Roitman et al. 2020) proposes a two-step
dual-cascade optimization framework, where both steps
utilize the cross-entropy method to handle trade-offs between



sentence saliency and focus. Among the supervised methods,
the state-of-the-art method SRSum (Ren et al. 2018) uses
a deep neural network based model which comprises five
sub-models, PriorSum, CSRSum, TSRSum, QSRSum, and
SFSum. The individual models encode surface features
and latent semantic sentence meaning, and use attention to
simulate the context aware reading of a human.

Conditional Video Summarization: Existing methods
for this task are supervised in terms of using the summariza-
tion labels. (Sharghi, Gong, and Shah 2016; Sharghi, Laurel,
and Gong 2017) propose a sequential and hierarchical
DPP to model a shot’s relevance to the given query and
representativeness in the video. In (Jiang and Han 2019), the
authors have proposed a Hierarchical Variational Network
(HVN) consisting of a query-focused attention module and
a multi-level self-attention variational block that captures
the multilevel visual content of the scenes and adds to the
user-oriented diversity as well. (Xiao et al. 2020) trains a
Query-biased Self-Attentive Network (QSAN) which learns
the mapping between the visual content and textual captions.
It is then augmented with a query-aware scoring MLP to
generate a query-focused summary.

Conditional Image Corpus Summarization: This
domain is relatively new and the existing work does not
meet all requirements of a conditional image summarization
system. For example, (Tschiatschek et al. 2014) proposes
learning a mixture of submodular functions for generic image
collection summarization. (Arandjelovic and Zisserman
2012) focuses on image retrieval given multiple queries of
the same object, resulting in improved recall of the system
when compared to a single query.

Although the existing methods perform well in their
respective domains, there is no simple, effective, and
unifying framework for conditional data summarization that
requires minimal learning and that can be used irrespective of
the data modality. We believe the submodular span approach
we present in this work fits this bill.

3 Submodular Span
A given set function f : 2V → R+ is non-negative,
monotone, non-decreasing, and submodular if f(j|A) ≥
f(j|B) ≥ 0 for all A ⊆ B ⊆ V and j ∈ V . Such a function
is often called a polymatroid function (Cunningham 1983).
Given a polymatroid function f : 2V → R+, and a query set
Q ⊆ V and defining VQ = V \Q, we define the submodular
span problem as

maximize {|A| s.t. A ⊆ VQ, f(A|Q) ≤ ε}, (3)

where ε ≥ 0 is small. W.l.o.g., we assume all polymatroid
functions are normalized so that not only f(∅) = 0 but
f(V ) = 1. Dual to the submodular span problem is Eq. 1. We
see that these problems are related, in that they generally ask
for large sets A that have low f-valuation when conditioned
on the query set Q. We also see that the dual form is cardi-
nality constrained submodular minimization, a problem that
is known to have no constant factor approximation algorithm
in general (Svitkina and Fleischer 2008), although in the
limited curvature case, it is constant-factor approximable

(see Theorem 4 analogous to Theorem 5.4 in (Iyer, Jegelka,
and Bilmes 2013)).

Submodular span is used as the first step in our conditional
summarization strategy, i.e., given a domain V over which
a submodular function f is defined, and given a query set
Q ⊆ V , the objective is to produce a Q-related summary
of the remainder VQ. Submodular span produces a large set
A that is related to Q, but to be a good summary, it should
also be non-redundant. Hence, given a solution A∗Q to either
Eq. (1) or (3), one can apply standard submodular maximiza-
tion (via the greedy algorithm), approximately solving Eq. 2.
The resulting solution is both related to Q and non-redundant.
Conditional summarization uses only one submodular
function f defined both on Q and everything else VQ.

3.1 Matroids, Span, and Redundancy
The reason we call the above the submodular span problem
is that for a matroid rank function, it is identical to the ma-
troid span. A matroidM = (V, I) is an algebraic system
consisting of a pair (V, I), where V is a ground set, and
I = {I1, I2, . . . } is a non-empty set of independent subsets
Ii ⊆ V satisfying the two properties: (1) down-closed, if
I ∈ I then A ∈ I for any A ⊆ I , and (2) exchangeable,
for all I1, I2 ∈ I with |I1| < |I2|, then ∃j ∈ I2 \ I1 such
that I1 ∪ {j} ∈ I. The rank function rM : 2V → R of
a matroid is defined as rM(A) = maxI∈I |A ∩ I|, i.e., the
maximum independent subset ofAwhich is an integer valued
unit-increment polymatroid function. The rank function also
defines the matroid so we can refer to the matroid simply as
rM. Given rM and a query set Q, the span function (Oxley
2011) is defined as:

spanrM,0(Q) = {v ∈ V : rM(Q ∪ {v}) = rM(Q)} (4)

The subscript “rM, 0” notation will become apparent below.
The span is also called the “closure” of Q, and the span of
Q produces a “flat” (or a “subspace”) that contains Q. We
also define a Q-specific “redundancy” function redn for a
matroid as follows:

rednrM,0(Q) ∈ argmax{|A| : A ⊆ VQ, rM(A|Q) = 0}(5)

We see that Eq. (3) with f = rM being a matroid rank
function and ε = 0 computes rednrM,0(Q). By simple in-
spection, we see that computing spanrM,0(Q) is much more
straightforward via a simple O(n) process than computing
rednrM,0(Q) which appears to be a form of constrained sub-
modular minimization. Therefore, in the next several sections,
we study spanrM,0(Q) as a surrogate for rednrM,0(Q), start-
ing with the case of pure matroids, where there is good news.
Specifically:

Lemma 1. rednrM,0(Q) is unique when rM is a matroid
rank function.

Theorem 1. spanrM,0(Q) = rednrM,0(Q) when rM is a
matroid rank function.

3.2 Polymatroids, Span, and Redundancy
We can easily generalize span and redn to polymatroids.
Given a polymatroid function f , a set Q such that Q ⊆ V ,



and ε ≥ 0, the ε-span function spanf,ε(Q) is defined as:

spanf,ε(Q) = {v ∈ VQ : f(v|Q) ≤ ε}. (6)

We also define a Q-specific ε-redundancy function rednf,ε
for a polymatroid function f as:

rednf,ε(Q) ∈ argmax{|A| : A ⊆ VQ, f(A|Q) ≤ ε}. (7)

We see that rednf,ε(Q) computes the submodular span de-
fined in Eq. (3), and hence involves constrained submodular
minimization. The question we wish to address is the extent
to which spanf,ε(Q) can be used as a surrogate function
for rednf,ε(Q). Analysis comparing the above for the cases
when ε = 0 and ε > 0 follows.
Theorem 2. For a polymatroid f : 2V → R+,
spanf,0(Q) = rednf,0(Q).

For ε = 0, we observe that computing submodular span
and redundancy lead to the same result, analogous to the
matroid case. When ε > 0, however, this is not the case.
Lemma 2. rednf,ε(Q) is not always unique for ε > 0.

Theorem 3. For a polymatroid f : 2V → R+ such that
n = |V |, rednf,ε(Q) ⊆ spanf,ε(Q) ⊆ rednf,nε(Q) when
ε ≥ 0.

For a given ε, since spanf,ε(Q) covers all the elements of
rednf,ε(Q), we can compute the spanf,ε(Q) as a surrogate
function for rednf,ε(Q) and then summarize it. But first we
ask if for some value of ε′ ≤ ε, their f-valuations are equal.
Unfortunately, this is also not the case.
Lemma 3. There does not, in general, exist an ε′ ≤ ε such
that f(spanf,ε′(Q)) = f(rednf,ε(Q)) for all Q and ε > 0.

Since there does not exist an ε′ ≤ ε for which
f(spanf,ε′(Q)) = f(rednf,ε(Q)) when ε > 0, we can form
an upper bound on f(spanf,ε(Q)) as follows.

Lemma 4. f(spanf,ε(Q)|Q) ≤ (ks − kr + 1)ε where
ks = | spanf,ε(Q)| and kr = | rednf,ε(Q)|

Lemma 4 shows that for our surrogate function
spanf,ε(Q), the worst case bound on its f-valuation with
respect to Q could be nε where n = |VQ|. This is most likely
when the ground set V contains many elements that are
redundant to Q but that are mostly mutually non-redundant.
Lemma 5. With the conditional submodular curvature with
respect to Q defined as

κfQ(A) , 1−min
a∈A

f((a|(A\a)), Q)

f(a|Q)
, (8)

f(spanf, εn (Q)|Q) ≤ ε− ε
n (kr−ks)(1−κfQ(rednf,ε(Q)))

where ks = | spanf, εn (Q)| and kr = | rednf,ε(Q)|.
To solve Eq. (1) or (3), a modular approximation of

f(A|Q) i.e., mQ(A) =
∑
a∈A f(a|Q) can be optimized.

The Majorization-Minimization algorithm based on submod-
ular semi-differentials, as proposed in (Iyer, Jegelka, and
Bilmes 2013) can also be used for the constrained submodular
minimization. The approximation factor for these algorithms
is expressed in terms of conditional submodular curvature
with respect to Q as proved in Theorem 4 and has a worst-
case upper bound of O(n) where n = |V \Q|

Theorem 4. Let A∗ be the optimal solution to Eq. (1), then
A returned by the modular approximation of f(A|Q) such
that A = argminA⊆VQ,|A|≥kmQ(A) satisfies:

f(A|Q) ≤ |A∗|
1 + (|A∗| − 1)(1− κfQ(A∗))

f(A∗|Q)

Proof. (Iyer, Jegelka, and Bilmes 2013) show a bound for
submodular function minimization in terms of generic sub-
modular curvature and our proof follows theirs.

4 Experiments
In this section, using optimization procedures based on the
analysis given in Section 3.2, we evaluate the S3 framework
on three conditional summarization tasks: (1) conditional
multi-document summarization (2) conditional video
summarization (3) conditional image corpus summarization.

4.1 Conditional Multi-Document Summarization
Dataset: We use DUC 2005-2007 datasets which are the
benchmark datasets for query-focused MDS, made available
by the Document Understanding Conference 1. DUC 2005-
2006 and DUC 2007 contain 50 and 45 document clusters
respectively, with each cluster containing 25 news articles
(32 in case of DUC 2005) related to the same topic, and the
task is to generate a query-focused summary of at most 250
words for each document cluster. As a pre-processing step, we
remove special characters from the sentences and we augment
the query set for each document cluster with its topic as well
as concatenate each query sentence with the cluster topic.

Feature Representation: In order to obtain sentence
representations, we use the English uncased variant of the
BERT-base model (Devlin et al. 2018) and fine-tune it for the
Rouge-2 recall score prediction task using two years of DUC
2005-2007 as the training set. For example, we fine-tune the
network on the DUC 2005-2006 datasets in order to extract
fixed-size sentence representations for DUC 2007 (which
is the test set in this example). We do not use any oracle
summarization labels for the test set. In addition to using
fine-tuned BERT models, we also try a minimally supervised
approach where we use the pre-trained BERT model for
computing sentence representations.

Since BERT’s encoder has 12 transformer layers, each
of which outputs contextualized WordPiece representations,
the most transferable layer l (Ethayarajh 2019) for the MDS
task is a hyperparameter which is tuned on the development
set. Given l, we take a smoothed inverse frequency (SIF)
based weighted average of hidden activations of each
wordpiece (Peters, Ruder, and Smith 2019; Arora, Liang, and
Ma 2017) from layer l to construct 768-dimensional sentence
embeddings vsi for the sentences si in the test set i.e.,
vsi = 1

|si|
∑
w∈si

a
a+p(w)hl(w). Here, hl(w) is the hidden

layer representation of wordpiece w corresponding to layer l,
p(w) is probability of wordpiece w estimated from the entire
DUC corpus, and a is a weighting parameter fixed at 10−3.

Summary Generation: We use facility location (Mirchan-
dani and Francis 1990) as the objective function for stage one

1https://duc.nist.gov



and two of the S3 framework. The facility location function
is defined as f(X) =

∑
si∈V maxsj∈X sim(si, sj) where

sim(si, sj) is the similarity between sentence embeddings
vsi and vsj of sentences si and sj . We compute the similarity
matrix using a Gaussian kernel of width σ which is tuned
on the development set in each case.

Stage one of the S3 framework caters to finding relevant
sentences AQ from a document set which answer given
queries. In order to filter irrelevant noisy sentences which
are either too small or too long, we prune the candidate set
by considering sentences whose length ranges between 11
and 80 and are a subset of the top 30% nearest neighbors set
of the query sentences. Once we obtain the relevant answers
(AQ) using the majorization-minimization (MMin) (Iyer,
Jegelka, and Bilmes 2013; Iyer and Bilmes 2013) algorithm
for solving Eq. (3), stage two removes the redundant answers
and produces a succinct relevant summary for that document
set via constrained submodular maximization using the
greedy algorithm (Nemhauser, Wolsey, and Fisher 1978).
The algorithm at iteration i selects the sentence si such that
si = argmaxs∈AQ

f(Ai−1∪s)−f(Ai−1)
(c(s))r if c(Ai−1 ∪ si) ≤ B.

c(s) denotes the sentence length, r > 0 is the scaling factor,
and B represents the overall budget which is 250 words for
DUC 2005-2007. For DUC-2005, we use DUC-2006 to tune
the hyperparameters which include {l, σ, ε, r}. Similarly,
for DUC-2006 and DUC-2007, we use DUC-2005 as the
development set.

Evaluation: We use the ROUGE toolkit (Lin 2004)2

which assesses the summary quality by counting the
overlapping units such as n-grams, word sequences, and
word-pairs between the candidate summary and the reference
summaries. We report recall and F-measure corresponding
to Rouge-1, Rouge-2 , and Rouge-SU4.

Since our approach requires minimal learning of hy-
perparameters, we compare against other state-of-the-art
unsupervised and supervised approaches. In addition to
existing supervised methods, we also design another strong
supervised baseline method called MixModSub which utilizes
a submodular function f ′ : 2V

′ → R+, i.e., the query set Q
is extrinsic to the submodular function f ′ i.e., V ′ ∩ Q = ∅
and it only considers V ′ which contains sentences si where
i ∈ {1, 2, . . . |V ′|} that are to be summarized. Here, f ′ is
a facility location function defined using the fine-tuned
BERT-based feature vectors vsi for each si ∈ V ′. We
define a relevance based modular function mQ : 2V

′ → R+

where for any A ⊆ V ′,mQ(A) =
∑
si∈AmQ(si). Since

m captures the relevance of each sentence si to the
query set Q, mQ(si) = 1

|Q|
∑
sq∈Q sim(sq, si). Finally,

we define a submodular function g : 2V
′ → R+ as

g(A) = λf ′(A)+ (1−λ)mQ(A) which is a convex mixture
of submodular f ′ and modularmQ. We use a Gaussian kernel
of width σ to define the similarity matrix and perform budget
constrained submodular maximization given budget B. Simi-
lar to the previous experiments, we tune the hyperparameters
{σ, r, λ} on another year of DUC as the development set.

2ROUGE version 1.5.5 used with option -n 2 -x -m -2 4 -u -c 95
-r 1000 -f A -p 0.5 -t 0 -d -l 250

Table 1 shows the average recall and F-measure with
respect to Rouge-1 (R1), Rouge-2 (R2) and Rouge-SU4
(RSU4) scores on DUC 2005-2007 datasets against different
methods. The performance of S3 framework is competitive
with the current unsupervised state-of-the-art method,
Dual-CES (Roitman et al. 2020) on each of the Rouge-1 ,
Rouge-2, and Rouge-SU4 F-measure.

4.2 Conditional Video Summarization
Dataset: We use the query-focused video summarization
dataset from (Sharghi, Laurel, and Gong 2017) which is com-
piled using the UT Egocentric dataset (Lee, Ghosh, and Grau-
man 2012). The UTE dataset consists of four daily life ego-
centric videos of 3-5 hours duration. Based on the overlap of
the video-shot captions (Yeung, Fathi, and Fei-Fei 2014) with
SentiBank (Borth et al. 2013), a lexicon of 48 concepts such
as street, tree, phone etc. is constructed that denotes the basis
for encoding the semantic information in each video shot. For
each video, there are 46 different sets of queries, with each
query set covering two or three concepts. We use the oracle
summaries released by (Sharghi, Laurel, and Gong 2017) and
follow their video summarization evaluation strategy based
on the user-annotated semantic vectors of the video shots.

Feature Representation: We uniformly partition each
video into five seconds long shots. For each frame belonging
to a shot, we construct a 2089-dimensional feature vector us-
ing an off-the-shelf deep model called DeepSentiBank (Chen
et al. 2014) for fair comparison to existing methods. The net-
work has an architecture similar to the AlexNet (Krizhevsky,
Sutskever, and Hinton 2012) which was pre-trained on the
ImageNet classification task and for the SentiBank classifica-
tion task, the last fully connected layer is replaced to produce
a softmax distribution across 2089 class labels. Then for
each shot, we average its frame-level feature representations
to obtain a shot-level feature representation. The SentiBank
classes consist of ANP (Adjective Noun Pairs), for instance
beautiful sky, clear sky, sunny sky are different ANPs cor-
responding to the concept sky. We max-pool their shot-level
detection scores to get one detection score for each concept
belonging to the lexicon consisting of 48 concepts. This
results into a 48-dimensional feature representation for each
video-shot with detection scores ranging between 0 and 1.

Summary Generation: Similar to section 4.1, we use fa-
cility location as the objective function, but here sim(si, sj)
is the similarity between the DeepSentiBank-based shot-level
features for shots si and sj . We compute the similarity matrix
using cosine similarity after carefully validating different sim-
ilarity measures on a development set in terms of F1 score per-
formance. For Video-1, we use Video-3 to tune the hyperpa-
rameters which include {k1, k2}; k1 and k2 are the cardinality
constraints for optimizing stage one and stage two respec-
tively. For Video 2-4, we use Video-1 as the development set.

Evaluation: Similar to (Sharghi, Laurel, and Gong 2017),
we use the user-annotated semantic vectors of video shots
to quantify the semantic similarity between the oracle
summary’s shots and our system generated summary’s
shots. A maximum weight based bipartite graph matching
between them enables us to compute precision, recall, and
F1 score between the matched pairs. Similar to document



System R1-R R1-F R2-R R2-F RSU4-R RSU4-F

DUC 2005

MixModSub∗ 38.64 38.17 7.74 7.65 13.65 13.49
SRSum (Ren et al. 2018)∗ 39.83 - 8.57 - - -

Dual-CES (Roitman et al. 2020) 40.82 38.08 8.07 7.54 14.13 13.17
S3 (Ours)∗ 39.11 38.66 7.87 7.79 13.80 13.65
S3 (Ours) 38.64 38.20 7.60 7.52 13.52 13.37

DUC 2006

MixModSub∗ 39.80 39.57 8.62 8.58 14.40 14.32
DSDR (He et al. 2012) - 33.17 - 6.05 - -

SpOpt (Yao, Wan, and Xiao 2015) 39.96 - 8.68 - 14.23 -
DocRebuild (Ma, Deng, and Yang 2016) - 40.86 - 8.48 - 14.45

SRSum (Ren et al. 2018)∗ 42.82 - 10.46 - - -
Dual-CES (Roitman et al. 2020) 43.94 41.23 10.09 9.47 15.96 14.97

S3 (Ours)∗ 41.62 41.42 9.48 9.43 15.10 15.02
S3 (Ours) 41.13 40.95 9.24 9.20 14.85 14.79

DUC 2007

MixModSub∗ 40.87 40.42 10.26 10.15 15.66 15.49
DSDR (He et al. 2012) - 39.57 - 7.44 - -

CTSUM (Wan and Zhang 2014) 43.10 42.66 10.93 10.82 16.32 16.16
SpOpt (Yao, Wan, and Xiao 2015) 42.36 - 11.11 - 16.47 -

DocRebuild (Ma, Deng, and Yang 2016) - 42.73 - 10.31 - 15.81
SRSum (Ren et al. 2018)∗ 45.01 - 12.80 - - -

Dual-CES (Roitman et al. 2020) 46.02 43.24 12.53 11.78 17.91 16.83
S3 (Ours)∗ 43.42 42.95 11.24 11.12 16.70 16.52
S3 (Ours) 42.50 42.32 11.12 11.07 16.35 16.28

Table 1: ROUGE results on DUC 2005, 2006, and 2007 in terms of Recall and F-measure. Methods marked with (∗) are
supervised in terms of using oracle summarization labels for training or model fine-tuning.

summarization, we also compare against the designed
minimally supervised baseline MixModSub (not fully
supervised as we are not fine-tuning any model using oracle
summary labels). We tune relevant hyperparameters {k, λ}
on another video as the development set.

Table 2 shows the performance of the S3 framework
against other supervised state-of-the-art methods and our
designed baseline MixModSub, in terms of precision, recall,
and F1 score. In terms of recall and F1 score on Video
1 and 3, our S3 framework (requiring minimal learning)
outperforms the current supervised state-of-the-art methods
which use the oracle summary labels for learning different
deep neural networks; on average, it outperforms the
previous supervised methods in terms of F1 score and
achieves comparable results in terms of precision and recall.

4.3 Conditional Image Corpus Summarization
Dataset: ImageNet-1k (Deng et al. 2009) is a large scale
image database which contains nearly 1.28 million training
images and 50,000 validation images. The dataset is
organized according to the WordNet (Miller 1995) hierarchy,
with each node depicting hundreds and thousands of images.
In our experiments, we randomly sample 1,000 images, one
from each class, from the dataset to form the development
query set and the remaining training images are used as
the gallery set that needs to be summarized. We use this
set for hyperparameter tuning, and show qualitative results
corresponding to test query images having no overlap with
the development query set.

Feature Representation: We use a Bidirectional Gener-
ative Adversarial Network (BiGAN) (Donahue, Krähenbühl,
and Darrell 2016) for unsupervised learning of feature repre-

sentations for the ImageNet database. We use the pre-trained
encoder weights from (Donahue, Krähenbühl, and Darrell
2016) learned in an unsupervised fashion to encode the im-
ages into a 1024-dimensional latent feature representation. In
order to reduce problems arising from the curse of dimension-
ality, after examining the histogram of pairwise similarities,
we use PCA to reduce the features dimensions to 512.

Summary Generation: We use a sparse facility location
as the objective function for our S3 framework. In order to
deal with this large-scale dataset, we use faiss3, which is an
efficient similarity search library from Facebook, to build
a k-NN similarity graph using cosine similarity. For stage
one of the S3 framework, we prune the candidate set by
taking top-k nearest neighbors of each q ∈ Q and optimize
Eq. (1) using modular approximation. In all experiments, k
is set to 1000. In stage two, we condense AQ to generate a
conditional summary of 25 images.

Evaluation: To assess the quality of the query-focused
summary, we propose a function,R(A|Q) that captures the
relevance of the summary images to the query set.

R(A|Q) =
1

|Q|
∑
q∈Q

1

|A|
∑
a∈A

1yq=ya (9)

Here, ya denotes the label/class of the image a. In case of
single query image based summarization,R(A|Q) is simply
the precision of retrieving the query class in the summary.
We also assess the diversity of the summary using f(A)
which is the sparse-facility location function valuation of
summary A with respect to the ground set V .

In Table 3, for different query sets, we show the condi-
tional summaries after fitting the two-dimensional tSNE

3https://ai.facebook.com/tools/faiss/



System Precision Recall F1 Score

Video-1

Mem-SeqDPP (2017) 49.86 53.38 48.68
HVN (2019) 52.55 52.91 51.45

DSAN (2020) 48.41 52.34 48.52

MixModSub 53.26 51.77 51.20
S3 (Ours) 51.86 55.24 52.18

Video-2

Mem-SeqDPP (2017) 33.71 62.09 41.66
HVN (2019) 38.66 62.70 47.49

DSAN (2020) 46.51 51.36 46.64

MixModSub 36.29 62.37 45.56
S3 (Ours) 37.24 63.88 46.71

Video-3

Mem-SeqDPP (2017) 55.16 62.40 56.47
HVN (2019) 60.28 62.58 61.08

DSAN (2020) 56.78 61.14 56.93

MixModSub 58.35 63.24 60.36
S3 (Ours) 60.51 65.72 62.66

Video-4

Mem-SeqDPP (2017) 21.39 63.12 29.96
HVN (2019) 26.79 54.21 35.47

DSAN (2020) 30.54 46.90 34.25

MixModSub 17.78 53.51 26.44
S3 (Ours) 26.54 52.94 34.97

Avg

Mem-SeqDPP (2017) 40.03 60.25 44.19
HVN (2019) 44.57 58.10 48.87

DSAN (2020) 45.56 52.94 46.59

MixModSub 41.42 57.72 45.89
S3 (Ours) 44.04 59.44 49.13

Table 2: Results on the UTE dataset for conditional video
summarization. The cited methods given in the first row cor-
responding to each video are supervised, in terms of using
the oracle summarization labels for model training.

vectors of their image embeddings onto a square grid using
the Jonker-Volgenant algorithm (Jonker and Volgenant 1987).
As it can be seen, apart from consisting of diverse images
belonging to the query classes, the conditional summary
also consists of images which share properties of both
query classes. For example, given a query set comprising
{strawberry, kite} images, the conditional summary also
consists of bird images having red hues and a lizard (sharing
kite hues) on a red flower. In the last example where the
queries comprise {bee, daisy}, the summary consists of two
images of a bee on daisy as well as birds resting on twigs.

5 Conclusion
In this paper, we have proposed and studied the submodular
span problem as an extension to the matroid span problem
in terms of retrieving elements relevant to a query set.
We have designed a minimally supervised two-stage
query-focused summarization framework called S3 and
showed its applications for conditional data summarization
of different data modalities. Our analysis and results also
shed light on the feasibility and scalability of the modular
approximation algorithm for the polymatroid submodular
span problem. Our results on three real-world datasets, DUC
2005-2007, UT-Egocentric video dataset, and ImageNet
verify the significance of the two stages (retrieval followed
by summarization) of the S3 framework.

Query Submodular Span Summary
R(A|Q) = 0.2, f(A) = 4.07× 10−3

R(A|Q) = 0.24, f(A) = 4.79× 10−3

R(A|Q) = 0.1, f(A) = 7.38× 10−3

R(A|Q) = 0.22, f(A) = 4.79× 10−3

Table 3: Qualitative Results on the ImageNet Dataset corre-
sponding to |Q| > 1
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Kågebäck, M.; Mogren, O.; Tahmasebi, N.; and Dubhashi,
D. 2014. Extractive summarization using continuous vec-
tor space models. In Proceedings of the 2nd Workshop on
Continuous Vector Space Models and their Compositionality
(CVSC), 31–39.
Kobayashi, H.; Noguchi, M.; and Yatsuka, T. 2015. Summa-
rization based on embedding distributions. In Proceedings
of the 2015 conference on empirical methods in natural lan-
guage processing, 1984–1989.
Krizhevsky, A.; Sutskever, I.; and Hinton, G. E. 2012. Ima-
genet classification with deep convolutional neural networks.
In Advances in neural information processing systems, 1097–
1105.
Lee, Y. J.; Ghosh, J.; and Grauman, K. 2012. Discovering
important people and objects for egocentric video summa-
rization. In 2012 IEEE conference on computer vision and
pattern recognition, 1346–1353. IEEE.
Lin, C.-Y. 2004. ROUGE: A Package for Automatic Evalu-
ation of Summaries. In Text Summarization Branches Out,
74–81. Barcelona, Spain: Association for Computational Lin-
guistics.
Lin, H.; and Bilmes, J. 2011. A class of submodular func-
tions for document summarization. In Proceedings of the
49th Annual Meeting of the Association for Computational
Linguistics: Human Language Technologies-Volume 1, 510–
520. Association for Computational Linguistics.
Lin, H.; and Bilmes, J. A. 2012. Learning mixtures of sub-
modular shells with application to document summarization.
arXiv preprint arXiv:1210.4871 .
Ma, S.; Deng, Z.-H.; and Yang, Y. 2016. An unsupervised
multi-document summarization framework based on neural
document model. In Proceedings of COLING 2016, the
26th International Conference on Computational Linguistics:
Technical Papers, 1514–1523.
McDonald, R. 2007. A study of global inference algorithms
in multi-document summarization. In European Conference
on Information Retrieval, 557–564. Springer.
Miller, G. A. 1995. WordNet: a lexical database for English.
Communications of the ACM 38(11): 39–41.
Mirchandani, P. B.; and Francis, R. L. 1990. Discrete location
theory. Wiley.
Nemhauser, G. L.; Wolsey, L. A.; and Fisher, M. L. 1978. An
analysis of approximations for maximizing submodular set
functions—I. Mathematical programming 14(1): 265–294.
Oxley, J. 2011. Matroid Theory: Second Edition. Oxford
University Press.
Peters, M.; Ruder, S.; and Smith, N. A. 2019. To tune or not
to tune? adapting pretrained representations to diverse tasks.
arXiv preprint arXiv:1903.05987 .



Ren, P.; Chen, Z.; Ren, Z.; Wei, F.; Nie, L.; Ma, J.; and
De Rijke, M. 2018. Sentence relations for extractive summa-
rization with deep neural networks. ACM Transactions on
Information Systems (TOIS) 36(4): 1–32.
Roitman, H.; Feigenblat, G.; Cohen, D.; Boni, O.; and Konop-
nicki, D. 2020. Unsupervised Dual-Cascade Learning with
Pseudo-Feedback Distillation for Query-Focused Extractive
Summarization. In Proceedings of The Web Conference 2020,
2577–2584.
Sharghi, A.; Gong, B.; and Shah, M. 2016. Query-focused
extractive video summarization. In European Conference on
Computer Vision, 3–19. Springer.
Sharghi, A.; Laurel, J. S.; and Gong, B. 2017. Query-focused
video summarization: Dataset, evaluation, and a memory net-
work based approach. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 4788–4797.
Svitkina, Z.; and Fleischer, L. 2008. Submodular approxi-
mation: Sampling-based algorithms and lower bounds. In
FOCS, 697–706.
Tschiatschek, S.; Iyer, R. K.; Wei, H.; and Bilmes, J. A.
2014. Learning mixtures of submodular functions for image
collection summarization. In Advances in neural information
processing systems, 1413–1421.
Wan, X.; and Zhang, J. 2014. CTSUM: extracting more
certain summaries for news articles. In Proceedings of the
37th international ACM SIGIR conference on Research &
development in information retrieval, 787–796.
Xiao, S.; Zhao, Z.; Zhang, Z.; Guan, Z.; and Cai, D. 2020.
Query-Biased Self-Attentive Network for Query-Focused
Video Summarization. IEEE Transactions on Image Process-
ing 29: 5889–5899.
Yao, J.-g.; Wan, X.; and Xiao, J. 2015. Compressive doc-
ument summarization via sparse optimization. In Twenty-
Fourth International Joint Conference on Artificial Intelli-
gence.
Yeung, S.; Fathi, A.; and Fei-Fei, L. 2014. Videoset:
Video summary evaluation through text. arXiv preprint
arXiv:1406.5824 .


