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1. Problem: Human Action Recognition in Videos

…

7. Experiments: Datasets

4. Ordered Subspace Representations

…

Our scheme takes all frames/features from a video sequence and produces as output
a single frame/feature that semantically summarizes the sequence.

MPII Cooking Activities Dataset:
~5K videos, 65 classes

HMDB Dataset : ~6K videos, 51 classes
JHMDB Dataset : ~1K videos, 21 classes
UCF101 Dataset: ~13K videos,101 classes

Our Contributions
1. A subspace representation for sequence summarization obtained by
solving a new Order-constrained PCA problem. For a sequence X ∈ ℝ𝑑×𝑛 , we
propose a formulation to find parameters 𝑼𝑿 ∈ ℝ𝒅×𝒑 (𝑝 ≪ 𝑛, 𝑈𝑋𝑇 𝑈𝑋 = 𝐼𝑝 ) of a
subspace that provides:
i) A low-rank approximation to 𝑿 and
ii) Embeds the temporal order of features in 𝑿 (as increasing distances
from the origin in 𝑈𝑋 ).
2. We propose to use the subspace 𝑼𝑿 as the action descriptor for 𝑿

8. Experiments: Results

Given frame-level features 𝑥1 , 𝑥2 , … , 𝑥𝑛 , each 𝑥𝑖 ∈ Rd , Generalized Rank Pooling solves

Comparison between the influence of
GRP on FLOW and RGB separately

Left: Increasing subspace dimensionality
Right: increasing ranking threshold η.

Reconstructs input (PCA)
3. We use a Grassmann manifold kernel on 𝑼𝑿 for action classification
Captures temporal order

2. Related Work
Rank Pooling: Fernando et al., CVPR15, CVPR’16, Bilen et al.,CVPR’16
1. uses the parameters of a line to capture temporal order, we use an arbitrary
number of subspaces

where 𝑈 defines a subspace, and is a 𝑑 × 𝑝 matrix, belonging to the Stiefel Manifold
𝑆 𝑝, 𝑑 , i.e., U T U = Ip and is some threshold 𝜂 > 0.
Using the properties of the formulation, it can be casted on the Grassmann manifold,
and solved efficiently using Riemannian Conjugate Gradient (RCG) algorithm.

JHMDB Dataset
2. Captures only temporal order, we instead capture the spatio-temporal
properties of data
3. Uses a rank-SVM formulation, we instead propose an Ordered PCA
subspace finding problem with non-linear ordering constraints.

MPII Cooking Activities

5. Computational Complexity
For n video frames and p subspaces, the cost of computing a Euclidean descent
direction at every RCG step is linear in the number of frames, i.e., O(n+np).

6. Action Classification
3. Video Pre-processing
We pass the input videos through a VGG16 two-stream CNN model and extract
FC6/FC7 features which forms the input to our generalized rank pooling algorithm.

For two generalized rank pooled descriptors 𝑈1 and 𝑈2 , we use a non-linear SVM with
the Exponential Projection Metric kernel for classification, i.e.,

HMDB-51 Dataset

UCF101 Dataset

