Finding “It”’: Weakly-Supervised Reference-Aware Visual Grounding in
Instructional Videos

De-An Huang*, Shyamal Buch*, Lucio Dery, Animesh Garg, Li Fei-Fei, Juan Carlos Niebles
Stanford University

{dahuang, shyamal, ldery, garg,

Abstract

Grounding textual phrases in visual content with stan-
dalone image-sentence pairs is a challenging task. When
we consider grounding in instructional videos, this prob-
lem becomes profoundly more complex: the latent temporal
structure of instructional videos breaks independence as-
sumptions and necessitates contextual understanding for
resolving ambiguous visual-linguistic cues. Furthermore,
dense annotations and video data scale mean supervised
approaches are prohibitively costly. In this work, we pro-
pose to tackle this new task with a weakly-supervised frame-
work for reference-aware visual grounding in instructional
videos, where only the temporal alignment between the tran-
scription and the video segment are available for supervi-
sion. We introduce the visually grounded action graph, a
structured representation capturing the latent dependency
between grounding and references in video. For optimiza-
tion, we propose a new reference-aware multiple instance
learning (RA-MIL) objective for weak supervision of ground-
ing in videos. We evaluate our approach over unconstrained
videos from YouCookll and RoboWatch, augmented with new
reference-grounding test set annotations. We demonstrate
that our jointly optimized, reference-aware approach simul-
taneously improves visual grounding, reference-resolution,
and generalization to unseen instructional video categories.

1. Introduction

Connecting vision and language has emerged as a promi-
nent multi-disciplinary research problem [11]. The visual
grounding problem of connecting natural language descrip-
tions with spatial localization in images has proved to be a
critical link in solving these multi-modal tasks [19, 28, 43].
While there have been numerous studies from both natural
language and vision communities that aim to address visual
grounding [13, 15, 20, 25, 43, 51], both the sentences and
images are obtained in a relatively controlled setting with
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Figure 1: What is “it” in the video frame above? (a) Captions for
visual grounding in standalone images offer fully-specified nouns
or descriptors. (b) In contrast, instructional video captions often
offer only pronouns and partially-specified descriptors, since hu-
mans can resolve the ambiguities with contextual understanding.
Furthermore, structured annotations for references and groundings
remain prohibitive. (¢) To address these challenges, this work pro-
poses a new weakly-supervised, reference-aware visual grounding
approach that explicitly resolves the visual-linguistic meaning of
referring expressions (e.g. “it” refers to the “greens”).

standalone image-sentence pairs. In this work, we aim to ex-
pand this scope by studying visual grounding in instructional
videos, where both the language transcription and the visual
appearance are unconstrained as in real-world situations.

Visual grounding in instructional video poses two unique
challenges compared to standalone image-based visual
grounding: (1) Step descriptions rely heavily on pronouns
and referring expressions to provide implicit links to crucial
visual and linguistic context. In other words, the referring
expressions (e.g. “it” in Fig. 1) no longer fully specify the
visual appearance of entities. (2) Annotations linking the
grounding and contextual references remains prohibitively



costly in unconstrained videos. This is due to the densework on visual grounding with stand-alone image-sentence
nature of the graph-based annotations and the sheer scale gfairs, which aims to match entities in the caption to bounding
instructional video data/[/]. While these challenges have boxes within the image. This is related to weakly-supervised
been tackled separately, including situated language undembject localization§, 10, 13, 35, 36, 40, 46]. We generalize
standing in natural language processingi] 21, 26, 33 and this notion tocontext-dependeméferring expression local-
weakly-supervised object localizatio®, [L 3, 35, 36, 40, 46] ization, which adds another dimension of complexity from
in computer vision, simultaneously solving both for uncon- language understanding to our grounding problem. Recent
strained videos remains an unsolved challenge. works also aim to ground expressions in phrases beyond

To our knowledge, this is the rst work to examine the object categorieslp, 20, , 39, 43, 49, 54]. How-
challenging task of visual grounding in instructional videos. ever, most assume the avallab|l|ty of ground truth annota-
Thus, ourrst contribution is to formulate this key visual  tion [15, 39, 49, 53], and all assume standalone independent
understanding task for the video domain. We introduce theimage-sentence pair¢j, 18]. In this work, we jointly ad-
visually grounded action grapas a structured representa- dress the challenges from weak supervision and situated
tion to explicitly capture the latent dependencies betweenlanguage in the instructional video domain.
reference and grounding variables, and formulate groundingMultiple Instance Learning (MIL) in Vision. MIL has
in videos as optimization of this graph. been a effective framework for weakly-supervised learning

Next, we address the two key technical challenges in-in several applications, including image classi catiGil]|
troduced by instructional video, namely context-dependentobject localization [ 3], tracking [5], and instance segmenta-
ambiguity and the prohibitive cost of labels for supervised tion [37]. In this work, we extend the MIL approach of visual
approaches. Theecond contribution of this work is to grounding in images1[ to instructional video and propose
present a novel visual grounding model that is both reference-Reference-Aware MIL (RA-MIL) to effectively learn the
aware and weakly-supervised. Our joint modeakiference-  situated referring expression in instructional video.
aware as it explicitly resolves the situated and context- Learning from Instructional Video. In this work, we
dependent meaning of referring expressions and goes baise the transcription in the instructional video for weakly-
yond previous visual grounding works designed for inde- supervised visual grounding. This use of transcription as
pendent image/sentence pairs. Our approach isnasily-  supervision has been utilized in several contexts, such as
supervisedn that it requires no explicit grounding supervi- action detectionq5], object state discovery], entity refer-
sion and only uses temporally aligned transcription and video ence [L€], and procedural knowledge discovery P9, 45].
input as supervision. The latent structure of instructional The most related to our work is the visual-linguistic refer-
videos fundamentally breaks the independence assumptionce resolution (VLRR) by![6], which focuses on learning
of prior standalone image-based approaches. Thus, we inentity references in the instructional video. Our work goes
troduce the rst reference-aware multiple instance learning a step further and leverages references to solve the weakly-
(RA-MIL) framework to more effectively leverage predicted supervised visual grounding in instructional video.
references to improve visual grounding optimization. Reference Resolution for Visual Tasks.We utilize refer-

Because this is a new task for video understanding, ourence resolution to improve visual grounding in instructional
third contribution is to provide reference-grounding test video. Recent work has used reference for improving visual
set annotations for two main instructional video benchmarks,tasks, such as image and 3D scene understanding4],
namely YouCookll p6] and RoboWatch45]. We evaluate  and actor recognitior/[l, 44]. Here, we demonstrate that ref-
our new approach for weakly-supervised, reference-awareerence resolution is mutually bene cial for the challenging
visual grounding in instructional videos by optimizing on task of visual grounding for video understanding.
over two thousand unconstrained YouTube cooking videos of Situated Language UnderstandingSituated language is a
the YouCookll dataset. We show that our joint approach im- termin the natural language processing community capturing
proves grounding by explicitly modeling the latent references the notion that our own understanding of language is learned
between sentences. We “close the loop” by further demon{rom situations and entities within therfi1]. Our modeling
strating that our learned visual grounding representationsof situated referring expression in the transcription is related
can in turn improve reference resolution within our joint to procedural text understanding in NLB, [, 8, 21, 26,
framework. Finally, we demonstrate that our approach im-33]. Our work goes a step further and studies the S|tuated
proves model generalizability to unseen instructional video language in the transcription jointly with the aligned video.
categories by evaluation on RoboWatch.

3. Technical Approach

2. Related Work _ _ . o
Our goal is weakly-supervised visual grounding in in-

Weakly-Supervised Localization and Visual Grounding. structional video. This is challenging since (1) the desired

Our task for visual grounding in videos builds from prior grounding output is latent at training, and (2) the entities



grounding and visual grounding also improves reference.

Visually Grounded Action Graphs. More formally, a vi-

sually grounded action grapB = (E;A;B;R;D ) has

E = fe; g, a set of entity nodes; , A = fag, a set

of action nodes; grouping the entity nodes with their predi-

categred;, B = fhy g, a set of object box nodds aligned

to eacha;, R = frj g, a set of edges for the referenge of

gj , andD = fd; g, a set of edges for the visual grounding

dj of e; . The sub-index distinguishes multiple entities

within the same actiog; (e.g “mix salt, pepper andoil”).

We illustrate a portion of a graph in Figure 2. Here, each
Figure 2: A visually grounded action grapB)is an ac-  action nodes; contains entity nodes; , each edge}; from
tion graph with object box nodes and the corresponding  an entity node to a object bdy is a grounding, and each
grounding edges; to model the visual grounding of the  edger; from an entity node to an action node is a reference.
entitiese; . This graph serves as the joint representation Note thatG encompasses the information for both visual
between the visual grounding within aCtiOﬂsand refer- grounding D) and reference reso'utioRu' where visual
ence I’eSO|uti0mij betWeen them Th|S I’efOI’mu|ates ViSUaI grounding iS identical to recovering the grounding edges
grounding and reference resolution as nding the best set ofp in the graph. Further, recoverir depends ofR, so
edgesD; R) in the graph given the nodes. See Section 3.1. effective visual grounding needs to be reference-aware.

Joint Approach. Figure 3 shows our model overview. The

i - . input is the instructional video with its time-aligned tran-
within the transcriptions can be highly context-dependent, .. . : :
P gnly P scription, and the output is the full visually grounded action

with references that are also latent. We address this by for= .
mulating it as a joint optimization of wisually groundedy graph for the video. Graph nodes are generated by (1) pars-

. L ing the transcription into entity nodés and action nodes
action graphthat explicitly captures the latent dependen- .- . .
. : A, and (2) obtaining object proposals on video frames for
cies between grounding and reference (Sec. 3.1). We pro-

. : . “object box node8. In this work, we assume the nodes
pose a joint framework for reference-aware visual grounding of the araph are provided to our ioint model. and focus the
to effectively infer this graph from input video and tran- grap P ] '

scription (Sec. 3.2 and 3.4). Because such dense graprtlaSk on recovering the grounding and reference edges. Such

annotations incur prohibitive cost in videos, we propose a cCOVEyIs equivalent targmaxp P(D;RJE;AB ). We

oo . take an E-M like approach for joint optimization by al-
new reference-aware multiple instance learning (RA-MIL) ternating between optimizing the visual aroundina model
method for weakly-supervised learning (Sec. 3.3). N9 piMIZINg visual grounding

(argmaxy P(DjE; A; B; R ), in Section 3.2) and optimizing
3.1. Visual Grounding Task in Videos the reference resolution modergmaxg P (RJE;A;B;D ),

: : in Section 3.4).
Goal. Since both the groundings and references are latent )

and interdependent, there is a clear need to model them in 8.2, Reference-Aware Visual Grounding: Model

uni ed manner. Inspired by the “action graph” for reference

resolution in natural language textd 21], we propose

a newvisuglly grognded action grap.that encompasses visually grounded action grapgh. We now de ne how we

the latent information for both the visual grounding and 4rameterize our model for the probability of a grounding,

reference resolution in a single explicit data structure (Figure p(pjE: A; B; R ). We decompose the full grounding model

2). We introduce new nodes for object bounding boxes p(%E;A; B;R) into the aggregation of edge probabili-

in the video frames, and new edges between each entityties ~ ,, ;, P(djE; A; B; R ). Crucially, while instructional

node and its corresponding object bounding box for visual videos break standard independence assumptions, we can

grounding. Thus, visual grounding in instructional videos is observeconditionalindependence give; A; B nodes and

reformulated as determining the correct “grounding edges”the reference® in the graph, which we also learn to in-

between entity nodes and object box nodes in the graph. ~ fer (see Section 3.4). Fét(diE; A;B;R ), we model the
Furthermore, we seek to learn references betweenProPability of grounding an entitg; to an object boxy .

grounded entities and prior actions. Intuitively, this captures Formally, the grounding model is:

directed paths from starting components to nal composite  p (g, = (I:k)jE;A;B;R )= sigmoid (be)" S(ej)); (1)

products. Unlike prior work16, 21], we endeavor to learn

entity-action references with the added constraint of visualwhere R(e; ) is areference-awarentity embedding that

grounding for entity nodes. We demonstrate that jointly incorporates the information & andA when embedding

resolving the latent reference is key to improving visual e; , and (by) is an end-to-end trainable visual embedding.

In the previous section, we formulated reference-aware
visual grounding as optimizing the grounding edfem the



Figure 3: Overview of our model. We take as input an instructional video and its transcript, which provide us the initial entity,
action, and object box nodes for the visually grounded action graph. The output of our joint model is to infer the edges of the
optimal graph, including reference and grounding. We propose a grounding modelrdiatésnce-awarewhich matches
different action entities to their corresponding bounding box in the video. We design a training method for this model called
reference-aware multiple instance learning (RA-MIL). Further details in Section 3.1.

Intuitively, we aim to learn the grounding model by learning weakly-supervised visual grounding in videos as a Multi-
a visual-semantic embedding that measures the similarity ofple Instance Learning (MIL) problem]. Herein, the su-
an entity and a object box. We de ne these two embeddings:pervision is provided only through the temporal alignment
Reference-Aware Entity Embedding R (e; ). Given an between the sentence and the video segment: for an entity
entity (e.g “mixture”), our goal is to embed itin a way that g in stepl, it should be grounded to one object b
captures the action that it is referring ®.¢ “mix mayo  from the set of all object boxes in the corresponding video
and parslgyd)a_We tk?us' utlll;zle a recurs_we d? nition forfour segment, and there is no explicit training labelvidrichbox
entity embedding that is able to combine information from itis. The ke " f ; _
. . X e . y challenge of naively applying an image-based
the referring action [16]. Thus, the entity embedding is: framework to the video domain is that sentence-video pairs
R(e )= wordEmbd(e; )+ R (ao); ) no Iongerfo_lloyv astrict independence assumptiorhis is _
consequential in two key ways: (1) temporal dependence is
whereo = rj and R(a) = RNN , ([ R(eop)lp) Here, re ected in the transcription language, which may refer to

wordEmbd( ) is the standard word embedding function (we the current entity implicitly or with pronoung(g “it"), and

use GloVe B here),RNN |, is a recurrent neural network  (2) visual grounding of the same entity is possible in multiple
(RNN) embedding function’[d] that takes iff § (eop)]p, @ @nstruction s’Feps Wi'Fh relatively high con dence, particularly
list of entity embeddings of entities,, in actiona,. Here, in the referring actions. Because segments from the same
our reference-aware entity embedding also contains the inforvideo are heavily correlated, image-based strategigs![]
mation from its referring action. This utilization of reference for negative selection can induce errors even for the labels
information in visual grounding sets our method apart from in standard MIL approaches which assume independence.

grounding models designed only for images. We show thatRA-MIL. We address both challenges by proposing a new
this is important for correctly grounding entities in instruc- Refgrence-/—\_ware Multiple Instance LearniiRA-MIL) ob-
tional video, where the entity is often context-dependent. jective to train a model to explicitly represent the dependen-

isual . utional cies between groundings caused by the references. More
Visual Embedding (b ). We use a deep convolutional  ghacj cally, based on the weak supervision from the align-
neural network to extract the visual representation of our ment (.e. for stepl, e should be grounded tny for some

object boxes. In addition, an af ne lay&vy is added to k), we rst propose the following learning constraints:
embed the 4096-dimensional fully-connected layer represen-

tation to the dimension of the entity embedding. Formally, max P (D1jGi;B1) > maxP(DijGi;Bm) and
this can be written asp(bk ) = Wy (CNN |, (b )). max P (D1jGi;Bi) > max P (DajGn;B1); )
| n

3.3. Reference-Aware Visual Grounding: RA-MIL form:n 6 I, whereB, = fby g is the set of all object
We have described the parameterization of our referencebox nodes in the segment depicting action $tegmdG, =

aware visual grounding modBI(D]JE; A; B; R ). Now, we fE1;A1; R1gbe the subgraph up to segméngxcluding

discuss the optimization objective to led?iDJE; A; B; R ) the grounding. Intuitively, the rst constraint in Eq. (3)

with only weak supervision from temporal alignments be- means this sub-grapgB, should have a higher probability of

tween transcription and video segments. Inspired by recentgrounding to a box i, in the same video segment rather

work in visual grounding in images B, 16|, we formulate than theB, of a different segment. Likewise, we have the



symmetric constraint foB, givenG,, of a different step.
While the model can directly utilize the reference infor-
mation by operating on the subgra@hand can be trained
with weak-supervision for reference-aware visual grounding
in instructional video, we note that the constraints in Eq.
(3) do not fully utilize the reference information. Consider
Figure 4 as an example: while “it” is indeed grounded to
the blue bounding box in the second step, it is not visually
incorrect to ground it to the the bowl full of greens in the
previous step, since it is the same entity. In this case, the
MIL constraints in Eg. (3) are forcing the model to differen-
tiate objects that are in fact the same with the same penalty ]
as completely unrelated entities. Based on this intuition, Figure 4: We propose Reference-Aware Multiple Instance
we propose the following overall training loss to effectively Learning (RA-MIL) for reference-aware visual grounding
utilize reference for weakly-supervised visual grounding:  in instructional videos by weak supervision. RA-MIL goes

X X beyond standard MIL by (1) grounding the subgragh
Lra miL = m max(0;SR, SF+) to resolve ambiguity of situated referring expressiang (
m 4) “it” means “greens”), and (2) reference-based negative se-
+ X w max(0;SR SR +) lection during MIL (.g grounding “it” to the earlier greens

bounding box is not as penalized as grounding to the burger).

m

whereSR, = P ; maxkh R(emj); b(bk)i refers to the
alignment score for stepsandm analogous to the image-
sentence score in ], and |, is a reference-based penalty
with a value of 1.0 if step is not in the set of inferred entity-
action references in step. If stepl is present the reference
set, thenwe sdi< |, < 1. In this manner, the objective
encourages the action graph to be grounded in the aligned
video, while distinguishing penalties based on the degree to
which the predicted grounding is related to the target entity.
We emphasize that RA-MIL incorporates reference-
awareness in two key aspects: (1) it explicitly imposes the Figure 5: We propose an entity-action pointer network for
constraints in Eq. (3) based on the subgr&phto incor- reference resolution (Sec. 3.4). A hierarchical RNN en-
porate reference information of a given entity based on thecodesactionnodes from language components. Later, we
relevant prior set of actions — this sets our approach aparidecode grounding-awasntityembeddings, where the out-
from previous standalone image-sentence grounding methput “points” to the referring action, if present.
ods that operate solely based on the entity expression itself

[ o I (2) we mcorporgte refer_ence-based relaxation formulation for reference resolutiof ] captures the notion

to improve negative constraints during MIL, as per Eq. (4). that some entities are causally-linked direct outputs of prior

We show in our experiments that both reference aspects okteps, where full dependency chains are obtained by traversal.

RA-MIL are key for visual grounding in instructional videos. Thus, we rst encode the actiorss as action embeddings

. . a(a;) using a hierarchical RNN/[/]. Reference resolution

3.4. Grounding-Aware Reference Resolution occ(:ur)s duri?]g decoding by a con!ul,nt—based attention mecha-
We have discussed our reference-aware visual groundinglism: an RNN encodes the entity embeddingge; ) into

modelP (DjE;A;B; R ) and our weakly-supervised train- hidden state vectormﬁjj , which are used to “point” back to

ing approach (RA-MIL) conditioned on the reference edges the encoder's action embeddings or the “background action”

R. Now, we discuss how we update the contextual refer-( in Fig. 5) if the entity has no reference. Formally, this is:

ences given the groundind® with P(RjE;A;B;D ), as _ o

illustrated in Figure 5. Inspired by recent frameworks using P(rj = ofE;A;B;D;H i) = softmaxu ); ©)

neural networks for graph optimization 7, 57], we formu- _

late the reference e%gg mo%el by proplésir]lg a hierarchicawher.euﬁ ~ .a(a‘)TWa“ hi(ij , andH; represents all the

entity-action pointer network for réference resolution, based Prévious entities that have been processed befprewe

on Ptr-Net [1g]. A key difference between our proposed rely on the RNN to capture the complex dependencies be-

model and a standard Ptr-Net is that we wish to link entities tweenrj andHj; . Importantly, we note that the entity em-

with prior action steps, but these exist at different hierar- bedding 2 (g ) here is grounding-aware as it summarizes

chical levels in the graph. Intuitively, this single-mapping thevisualinformation in the linked object box. To this end,



