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Abstract

Video recognition models have progressed significantly
over the past few years, evolving from shallow classifiers
trained on hand-crafted features to deep spatiotemporal
networks. However, labeled video data required to train
such models has not been able to keep up with the ever
increasing depth and sophistication of these networks. In
this work we propose an alternative approach to learning
video representations that requires no semantically labeled
videos, and instead leverages the years of effort in collect-
ing and labeling large and clean still-image datasets. We
do so by using state-of-the-art models pre-trained on image
datasets as “teachers” to train video models in a distilla-
tion framework. We demonstrate that our method learns
truly spatiotemporal features, despite being trained only
using supervision from still-image networks. Our method
obtains strong transfer performance, outperforming stan-
dard techniques for bootstrapping video architectures from
image-based models and obtains competitive performance
with state-of-the-art for video action recognition.

1. Introduction
Recent times have seen a significant boost in vi-

sual recognition performance [14, 15, 21], primarily fu-
eled by the resurgence of convolutional neural networks
(CNNs) [25], the success of deep learning [24], along with
the availability of large and well-labeled datasets [26, 30,
41]. This has caused a paradigm shift in computer vi-
sion. While before the emergence of deep learning most of
the community effort was focused on hand-designing bet-
ter feature extractors [4, 23], now the most prominent ap-
proaches train deep models end-to-end, learning features
as part of this process. However, deep learning has been
transformative not just because models started to work, but
because models also transferred. The most dominant illus-
tration of this is the use of ImageNet [30] pre-training for
image understanding tasks. It is a near-ubiquitous practice
these days, as it has been shown to yield strong improve-
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Figure 1: Learning video representations through transfer.
Traditional approaches to transfer learning train deep models on
large well labeled datasets and finetune on specific task or dataset
of choice. This significantly limits the types of models we can use
for our specific task, as they must be ‘compatible’ with the model
pre-trained on the large dataset for the learned weights to transfer.
We propose DistInit, to transfer image models to video as shown
on the right. DistInit starts from models pre-trained on well la-
beled image datasets with object or scene labels, and use them as
“teachers” for supervising video models. Hence, the video model
is able to learn spatio-temporal features for video understanding,
without needing an explicit action label for that video.

ments for a wide range of tasks, from image classification
on small datasets [20] to pixel-labeling tasks like detection
and segmentation [14]. Such pre-training is an empirically
effective approach to knowledge transfer, where “knowl-
edge” is manifested as labeled and curated datasets.

However, deep learning has not been quite as transforma-
tive for video understanding. One of the first deep-learning
attempts for human action recognition [18] achieved only
marginal improvements over previous state-of-the-art hand-
crafted features. Since then, various deep models [6, 32, 36]
have been proposed. However the performance improve-
ments have been largely incremental, with some of the
biggest gains coming from the recent introduction of a
large-scale dataset [3, 19] enabling effective pre-training.

This raises a natural question: is time-consuming man-
ual labeling of large-scale video datasets the most practical
means to achieve big performance improvements in video
understanding? We decompose this question into two parts:
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1. How does one obtain the “right” labels for a video?
Previous work has attempted to define ontologies and col-
lected videos for each of the classes, either through Web
search [19, 22, 34] or by asking humans to act and record
videos [31]. More recent work has avoided predefin-
ing explicit ontologies, and has attempted to “discover”
useful action classes from video-logs of peoples’ daily
lives [10]. These datasets have used action classes ranging
from broad and diverse, such as swimming or running [19],
to fine-grained and nuanced, such as “snuggling with a pil-
low” [31]. Evidently, the right vocabulary is unclear and
largely up for debate. In contrast, labels of objects seem
to much better understood, taking advantage of existing lin-
guistic knowledge bases such as WordNet. Moreover, we
humans are able to learn about behaviors and the dynamics
of the world even without such explicit labels. In this work,
we attempt to answer this question by learning video repre-
sentation without action labels, by relying solely on image-
based models, or teachers, to supervise the video network.

2. How do we transfer the rich knowledge embedded in
well curated datasets [26, 30, 41] into our video models?
Previous work has tackled this by initializing weights from
models pre-trained on such datasets, a procedure popularly
referred to as fine-tuning. Recent work has even done so
for 3D CNNs, by “inflating” the 2D kernels to 3D [3, 7, 8].
However, all these approaches place severe restrictions on
the video architectures, essentially forcing them to be 3D
equivalents of still-image architectures. Instead, as Figure 1
shows, we advocate for a general approach of knowledge
transfer by distillation, which allows us to transfer knowl-
edge from arbitrary image-based teachers to any spatiotem-
poral architecture. We refer to our approach as DistInit.
Previous work [13] has tackled a similar problem of cross-
modal distillation to train architectures across different in-
put modalities, such as depth or flow. However, the goal
there is to transfer supervision from one modality to another
for the same end task. In contrast, we transfer supervision
from image models trained for object/scene recognition, to
video models for human action recognition. To our knowl-
edge, image-to-video distillation has not been explored be-
fore. This task opens up a series of design choices that we
thoroughly investigate through an extensive ablation study
involving the distillation output, the loss, frame selection
criteria, and the form of the still-image supervision.

DistInit leads to a significant 16% improvement over
from-scratch training on the HMDB dataset, getting almost
halfway to the improvement provided by pretraining on a
fully-supervised dataset like Kinetics [19]. From-scratch
training is the defacto standard for state-of-the-art archi-
tectures that can not be initialized or inflated from image
architectures [37]. In separate experiments [12], we have
also verified that DistInit can be used to learn representa-
tions on uncurated, in-the-wild video datasets. This is con-
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Figure 2: DistInit network architecture. We use random frames
from the input clip to generate soft-labels for the video model,
using an arbitrary number of image-based teachers networks. The
student tries to match the targets provided by the teachers.

trast to previous works [5, 11, 28] on unsupervised learning
that use ImageNet without labels but still potentially benefit
from the data curation.

2. Our Approach

We now describe our approach in detail. To reiterate,
our goal is to learn video representations without using
any video annotations. We do so by leveraging pre-trained
2D networks, using them to supervise or “teach” the video
models. Hence, we refer to the 2D pre-trained networks
as “teachers” and our target video network as “student”.
We make no assumption over the respective architectures
of these models, i.e., we do no constrain the structure of the
3D network to be merely a 3D version of the 2D networks
it learns from or to have a structure compatible with them.

Figure 2 depicts the network architecture used to train
the student network. We start with teacher networks trained
on standard image-level tasks, such as image classification
on ImageNet. While in this work we primarily focus on
classification, our architecture is generic and can also ben-
efit from teachers trained on spatial tasks such as detection,
keypoint estimation and so on, with the only difference be-
ing the definition of the distillation loss function. Also,
our architecture is naturally amenable to work with an arbi-
trary number of teachers, which can be used in a multi-task
learning framework to distill information from multiple do-
mains into the student. Throughout the training process,
these teacher networks are kept fixed, in “test” mode, and
are used to extract a feature representation from the video
to be used as a “target” to supervise the student network.

Since teacher networks are designed to find objects in
images, it is not obvious how to use them to extract fea-
tures for actions in video. We propose a simple solution:
pre-train the spatiotemporal action network for finding ob-
jects in frames of a video. However, our teacher networks
are designed to work over images, so how do we apply
them on a video? We experiment with standard approaches



from the literature, including uniform or random sampling
of frames [32], as well as averaging predictions from multi-
ple different frames [39]. In this work we use the last-layer
features in the form of normalized softmax predictions or
(unnormalized) logits. In case of multiple frames, we aver-
age the teacher logits before computing a normalized pre-
diction target. The student network then takes the complete
video clip as input. We train it to be able to predict the
features or probability distribution produced by the teacher.
For this purpose, we define the last layer in the student net-
work to be a linear layer that takes the final spatiotemporally
averaged feature tensor and maps it to a number of units that
matches the dimensionality of the output generated by the
teacher. In case of multiple teachers, we define a linear layer
per teacher, and optimize all losses jointly.

We train the network using loss functions inspired from
the network distillation literature [2, 16]. When using the
teacher network to produce a probability distribution, we
train the student to produce a label distribution as well and
define the loss so as to match the teacher distribution. This
can be formulated as a cross entropy loss between the two
distributions. As suggested in [16], we also tried using dif-
ferent values of temperature (τ ) to scale the logits before
computing softmax and cross entropy, but found tempera-
ture value of 1 to perform best in our experiments.
Architecture Details. We use recent, state-of-the-art, net-
work architectures for all experiments and comparisons.
For the still-image teacher networks, we use the ResNet-
50 [15] architecture, trained on different image datasets
such ImageNet 1K [30] and Places 365 [41]. For the spa-
tiotemporal (video) student architectures, we first experi-
ment with a variant of the Res3D architecture. Res3D is
an improved version of the popular C3D [36] using residual
connections. We denote a N -layer Res3D model as Res3D-
N , which is compatible with the standard ResNet-N [15]
architecture. Since there is a one-to-one correspondence be-
tween such 2D and 3D models, the 3D models can also be
initialized by inflating the learned weights from 2D mod-
els (e.g., for each channel, replicate the 2D filter weights
along the temporal dimension to produce a 3D convolu-
tional filter). Similar ideas of inflating 2D models to 3D
have been proposed previously for Inception-style architec-
tures [3], along with initialization techniques from corre-
sponding 2D models [3, 7, 8]. The existence of a 1-to-1
mapping between the 2D and 3D models used in our exper-
iments allows us to compare our approach to the method of
inflation for initialization. However, we stress that unlike
inflation, our method is applicable even in scenarios where
such 1-to-1 mapping does not hold.

More recently, full 3D models have been superseded by
(2+1)D architectures [37], where each 3D kernel is decom-
posed into a 2D spatial component followed by a 1D tem-
poral filter. Similar models have also been proposed previ-

Model Initialization Per clip Top 1 Top 5

Res3D-18 Scratch 24.6 25.4 55.2
Res3D-18 ImageNet inflated 32.5 35.8 66.2
Res3D-18 PlaceNet inflated 32.5 35.6 66.2
Res3D-18 DistInit (ours) 36.6 39.9 73.5

R(2+1)D-18 Scratch 22.0 24.1 53.1
R(2+1)D-18 DistInit (ours) 37.8 40.3 74.4

R(2+1)D-18 Kinetics pre-training - 51.0 -

Table 1: DistInit vs Inflation. DistInit outperforms training video
models from scratch or initializing them by inflating 2D models.
We evaluate using percentage accuracy on the HMDB-51 dataset,
Split 1. All models reported over 8-frame input, trained with cross-
entropy loss, and ImageNet teacher for DistInit.

ously [35], and are also known as P3D [29] or S3D [40] ar-
chitectures. These models have proven to be more efficient,
with much fewer parameters, and more effective on various
standard benchmarks [37, 40]. However, these models no
longer conform to standard 2D architectures, as they con-
tain additional conv and batch norm layers, parameters
that do not exist in corresponding 2D models, and hence can
not be initialized using those models. Nevertheless, our dis-
tillation remains applicable even in this scenario. We refer
to such networks as R(2+1)D-N , for N -deep architecture.

3. Experiments
Datasets and Evaluation. Our method involves two stages:
pre-training on a large, unlabeled corpus of videos using
still-image models as “teachers”, followed by fine-tuning
on the training split of a labeled target dataset. After train-
ing, we evaluate the performance on the test set of the target
dataset. We use HMDB-51 and UCF-101 as our target test
beds, while videos taken from datasets such as Kinetics and
Sports1M, or even random uncurated internal videos are
used as unlabeled video corpuses for distillation. Note that
while datasets like Kinetics and Sports1M do come with se-
mantic (action) labels, we ignore such annotations in this
work and only use the raw videos from these datasets.
DistInit vs Inflation. We first compare our proposed ap-
proach to inflation [3, 7], i.e., initializing video models from
2D models by inflating 2D kernels to 3D via replication
over time. Note that inflation is constrained to operate on
3D models that have a one-to-one correspondence with the
2D model. Hence, we use a Res3D-18 model, which is
compatible for direct inflation from ResNet-18 models. We
experiment with publicly available ImageNet and PlaceNet
models. We compare it with our distillation approach in Ta-
ble 1, trained using an ImageNet pretrained model as the
teacher. Distillation improves performance by 15% over a
model trained from scratch, and 4% over a model trained
with inflated weights (the current best-practice for training
such models). More importantly, our approach can also be
used to initialize specialized temporal architectures such as



Model Architecture #frames Pre-training Split 1 3-split avg

Misra et al. [27] AlexNet [21] 1 Scratch - 13.3
Misra et al. [27] AlexNet [21] 1 Tuple verify [27] - 18.1
Misra et al. [27] AlexNet [21] 1 ImageNet - 28.5
Two-stream (RGB) [9, 32] VGG-M [33] 1 ImageNet - 40.5
C3D [3] Custom 16 Scratch 24.3 -

LSTM [3] BN-Inception [17] - ImageNet 36.0 -
Two stream (RGB) [3] BN-Inception [17] 1 ImageNet 43.2 -
I3D (RGB) [3] BN-Inception [17] 64 ImageNet 49.8 -

Ours (RGB) R(2+1)D-18 [37] 32 DistInit 54.9 54.8

(a) HMDB-51

Model Architecture #frames Pre-training Split 1 3-split avg

Misra et al. [27] AlexNet [21] 1 Scratch - 38.6
Misra et al. [27] AlexNet [21] 1 Tuple verification [27] - 50.2
Two-stream (RGB) [9, 32] VGG-M [33] 1 ImageNet - 73.0
C3D [3] Custom 16 Scratch 51.6 -

LSTM [3] BN-Inception [17] - ImageNet 81.0 -
Two stream (RGB) [3] BN-Inception [17] 1 ImageNet 83.6 -
I3D (RGB) [3] BN-Inception [17] 64 ImageNet 84.5 -

Ours (RGB) R(2+1)D-18 [37] 32 DistInit 85.7 85.8

(b) UCF-101

Table 2: Comparison with previous work on HMDB and UCF.
In the first section, we report architectures with comparable depth
as ours, and in the second we report other approaches using deeper
architectures. Our model out-performs such comparable methods.
Note that we only report popular 2D/3D conv based models above;
more advanced training techniques [38], input modalities [1] etc
obtain higher performance can also be trained with DistInit.

R(2+1)D [37], which do not have a natural 2D counterpart.
In such a setting, the current best practice is to initialize
such networks from scratch. Here, distillation improves
performance by 16%. Finally, we also report the model
trained using actual Kinetics labels, and as expected, that
yields higher performance. Hence there is clear value to
the explicit manual supervision provided in such large-scale
datasets, but distillation appears to get us “half-way” there.
While here we only compared to DistInit using Kinetics as
the unlabeled set, we report performance with other unla-
beled sets, along with other ablations, in the full paper [12].
Comparison with previous work. In Table 2 we compare
our model to other reported standard models and initial-
ization methods on HMDB and UCF. Here we only com-
pare to RGB-based models for computational speed, even
though our approach is applicable to flow or other modal-
ities as well. We obtain strong performance compared to
standard methods, and other unsupervised feature learning
techniques [27]. Using additional labeled datasets like Ki-
netics for pre-training with I3D [3] gets 74.3% and 95.1%
3-split avg on HMDB and UCF, but is not comparable to
our unsupervised approach which does not use those labels.
Scaling up DistInit with more diverse unlabeled data and
other teacher models could help bridge the gap.
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