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Grounded Objects and Interactions for Video Captioning

Recent state-of-the-art approaches for video understanding often
focus on representing the overall visual scene (coarse-grained) as
sequence of inputs that are combined with temporal pooling, e.g.
LSTM, 1D Convolution, and attention.

Human actions often involve complex interactions across several
inter-related objects in the scene. However, existed approaches
ignore the fine-grained details of the scene and do not infer
interactions between various objects in the video.
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Understand fine-grained object relationships and interactions: a hand
breaks an egg, eggs are in a bowl, the bowl is on top of the
campfire, campfire is a fire built with wood at a camp, etc.

We have variable-lengths of object sets residing in a high dimensional
space that spans across time. Our objective is to efficiently detect
higher-order interactions from these rich yet unordered object
representation sets across time.

Existing approach which has been widely used with images is by
pairing all possible object candidates (or subject-object pairs).
However, this is infeasible for video since:
• A video typically contains hundreds or thousands of frame and

the set of object-object pairs is too large to fully represent.
• Detecting object relationships frame by frame is

computationally expensive, and the temporal reasoning of object
interactions is not used.
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Action	prediction:	cooking	on	campfire	,	cooking	egg	,	…

We propose to exploit both overall image context (coarse) and
higher-order object interactions (fine) in the spatiotemporal domain
for general video understanding tasks.
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• Coarse-grained
• Attending to key image-level representations to summarize the whole video

sequence via the SDP-Attention.
• Fine-grained

• Detect higher-order object interactions via proposed recurrent higher-order
interaction (HOI) module.
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The proposed recurrent module dynamically select object candidates which are
important to discriminate the human actions. The combinations of these objects are
then concatenated to model higher order interaction using group to group or triplet
groups of objects.
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• Dot-product attention considers inter-relationships when
selecting the objects.

• α-attention does not consider inter-relationships between
objects.

Method Top-1 Top-5
I3D (25 FPS) (test) 71.1 89.3

TSN (Inception-ResNet-v2) (2.5 FPS) 73.0 90.9
Ours (1 FPS)

Img feat + LSTM (baseline) 70.6 89.1
Img feat + temporal SDP-Attn 71.1 89.6

Obj feat (mean-pooling) 72.2 90.2
Img + obj feat (mean-pooling) 73.1 91.1

SINet (𝛼-attn) 73.9 91.5
SINet (dot-product attn) 74.2 91.7

A group of people get off of a yellow school bus with life rafts around their neck.
Relationships: [ group of people, get off, yellow school bus ],  [group of people, with, life rafts ]

We address the problem of video captioning by grounding language
generation on object interactions in the video.

For each prediction of the word, the model can selectively attend
to various parts of the video content in both space and time, as
well as the detected object interactions.
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Method B@4 R M C
Test set
LSTM-YT (C3D) 1.24 - 6.56 14.86
S2VT (C3D) 2.62 - 7.85 20.97
H-RNN 2.53 - 8.02 20.18
S2VT + Full context 3.98 - 9.46 24.56
LSTM-A + policy gradient + retrieval
(ResNet + P3D ResNet) - - 12.84 -

Validation set (Avg. 1st and 2nd)
LSTM-A + policy gradient + retrieval
(ResNet + P3D ResNet) 3.13 14.29 8.73 14.75

SINet-Caption – img (C3D) 1.47 18.78 8.44 38.22
SINet-Caption – img (ResNeXt) 1.84 20.46 9.56 43.12
SINet-Caption – obj (ResNeXt) 1.92 20.67 9.56 44.02
SINet-Caption – img + obj – no co-attn
(ResNeXt) 2.03 21.08 9.79 44.81

SINet-Caption – img + obj – co-attn
(ResNeXt) 1.98 21.25 9.84 44.84
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