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Abstract

Recent works have shown that the computational effi-
ciency of video recognition can be significantly improved
by reducing the spatial redundancy. As a representative
work, the adaptive focus method (AdaFocus) has achieved
a favorable trade-off between accuracy and inference speed
by dynamically identifying and attending to the informa-
tive regions in each video frame. However, AdaFocus re-
quires a complicated three-stage training pipeline (involy-
ing reinforcement learning), leading to slow convergence
and is unfriendly to practitioners. This work reformulates
the training of AdaFocus as a simple one-stage algorithm by
introducing a differentiable interpolation-based patch se-
lection operation, enabling efficient end-to-end optimiza-
tion. We further present an improved training scheme to
address the issues introduced by the one-stage formula-
tion, including the lack of supervision, input diversity and
training stability. Moreover, a conditional-exit technique
is proposed to perform temporal adaptive computation on
top of AdaFocus without additional training. Extensive
experiments on six benchmark datasets (i.e., ActivityNet,
FCVID, Mini-Kinetics, Something-Something VI&V2, and
Jester) demonstrate that our model significantly outper-
forms the original AdaFocus and other competitive base-
lines, while being considerably more simple and efficient
to train. Code is available at https://github.com/
LeapLabTHU/AdaFocusVZ2.

1. Introduction

Deep networks have achieved remarkable success in
large-scale video recognition tasks [3, 14, 16,25, 58]. Their
high accuracy has fueled the desire to deploy them for auto-
matically recognizing the actions, events, or other contents
within the explosively growing online videos in recent years
(e.g., on YouTube). However, the models with state-of-the-
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Table 1. A comparison of training the original AdaFocus model
(AdaFocusV1, from @ to ®) and AdaFocusV2 (end-to-end) on
Something-Something (Sth-Sth) V1 dataset. Both procedures
start from the same initial backbone networks. Herein, fg, fi, fc
and 7 are the model components (see Section 3.1 for details).

AdaFocusV1 | AdaFocusV2
.. O Pre-train fg on Sth-Sth V1.
Pre-training ® Pre-train fi on Sth-Sth V1.
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Figure 1. Comparisons of AdaFocusV1 and AdaFocusV2 on
Sth-Sth V1 in terms of accuracy v.s. training cost. The training
time is measured based on 4 NVIDIA 3090 GPUs. The two sides
of grey arrows correspond to the same network architecture (i.e.,
the same inference cost). Our AdaFocusV?2 accelerates the training
by 2.2-2.4 X, while boosting the accuracy by 1.0-1.5%.

art performance [ 1,13,20,42,51,59] tend to be computation-
ally intensive during inference. In real-world applications
such as recommendation [8, 9, 18], surveillance [4, 7] and
content-based searching [30], computation translates into
power consumption and latency, both of which should be
minimized for environmental, safety or economic reasons.

Several algorithms have been proposed to reduce the
temporal redundancy of videos [19, 21, 35, 36,47,57, 67,
] by allocating the majority of computation to the

s
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most task-relevant video frames rather than all. Orthogo-
nal to these approaches, the recently proposed adaptive fo-
cus network (AdaFocus) [64] reveals that reducing the spa-
tial redundancy in video analysis yields promising results
for efficient video recognition. The AdaFocus framework is
also compatible with the aforementioned temporal-adaptive
methods to realize highly efficient spatial-temporal compu-
tation. Specifically, AdaFocus reduces the computational
cost by applying the expensive high-capacity network only
on some relatively small patches. These patches are strate-
gically selected to capture the most informative regions of
each video frame. In particular, the patch localization task
is formulated as a non-differentiable discrete decision task,
which is further solved with reinforcement learning. As a
consequence, AdaFocus needs to be trained with a compli-
cated three-stage training pipeline (see Table 1), resulting in
long training time and being unfriendly to users.

This paper seeks to simplify the training process of
AdaFocus. We first introduce a differentiable interpolation-
based formulation for patch selecting, allowing gradient
back-propagation throughout the whole model. We note
that a straightforward implementation of end-to-end train-
ing leads to optimization issues, including the lack of super-
vision, input diversity and training stability, which severely
degrade the performance. Therefore, we further propose
three tailored training techniques: auxiliary supervision,
diversity augmentation and stopping gradient, to address
the aforementioned issues. These simple but effective
techniques enable the simple one-stage formulation of our
AdaFocus algorithm to be trained effectively, and eventu-
ally outperform the three-stage counterparts in terms of both
test accuracy and training cost. The experimental compar-
isons are presented in Figure 1. Our proposed method is
referred to as AdaFocusV?2.

An additional advantage of AdaFocus is that it can be
easily improved by further considering temporal redun-
dancy. The original paper implements this idea by dy-
namically skipping less valuable frames with reinforcement
learning. In contrast, this work proposes a simplified early-
exit algorithm that removes the requirement of introducing
additional training, but achieves competitive performance.

The effectiveness of AdaFocusV2 is extensively evalu-
ated on six video recognition benchmarks (i.e., ActivityNet,
FCVID, Mini-Kinetics, Sth-Sth V1&V2, and Jester). Ex-
perimental results show that the training of AdaFocusV2 is
2x faster (measured in wall-time) than the original counter-
part, while achieving consistently higher accuracy.

2. Related Works

Video recognition. In recent years, convolutional net-
works (ConvNets) have achieved remarkable performance
for video recognition. One of the prominent approaches
is to capture the spatial/temporal information jointly us-

ing 3D ConvNets. Representative works include C3D [58],
I3D [3], ResNet3D [25], X3D [13], etc. Some other
works focus on first extracting frame-wise features, and
then aggregating temporal information with specialized ar-
chitectures, such as temporal averaging [63], deploying re-
current networks [10, 38, 74], and temporal channel shift
[12,40,48,56]. Another line of works leverage two-stream
architectures to model short-term and long-term temporal
relationships respectively [14—16,22]. In addition, as pro-
cessing videos with ConvNets, especially 3D ConvNets,
tends to be computationally intensive, recent research starts
to pay attention to designing efficient video recognition
models [41,43,44,59,60,77].

Temporal redundancy. A popular approach for facil-
itating efficient video recognition is to reduce the tempo-
ral redundancy in videos [19,21,35,36,47,57,67,68,73].
Since not all frames are equally important for a given task,
the model should ideally allocate less computation on less
informative frames [24]. Several effective algorithms have
been proposed in this direction. For example, VideolQ [57]
processes video frames using different precision according
to their relative importance. FrameExit [2 1] learns to termi-
nate the inference process after seeing a few sufficiently in-
formative frames. The AdaFocusV2+ algorithm, which we
propose to model temporal redundancy on top of AdaFo-
cusV2, is related to FrameExit on the spirit of early-exit.
However, our method is easier to implement since it does
not need to learn an additional conditional-exit policy.

Spatial-wise dynamic networks perform computation
adaptively on top of different spatial locations of the in-
puts [24]. The AdaFocusV2 network studied in this paper
can be classified into this category as well. Many of the spa-
tially adaptive networks are designed from the lens of infer-
ence efficiency [5,24,52,62,72]. For example, recent works
have revealed that 2D images can be efficiently processed
via attending to the task-relevant or more informative image
regions [17,61,66,70,71]. In the context of video recog-
nition, how to exploit this spatial redundancy for reducing
the computational cost is still an under-explored topic. It
has been shown by the attention-based methods [46] that
the contributions of different frame regions to the recogni-
tion task are not equivalent. Preliminary works like AdaFo-
cus [64] have demonstrated the potentials of this direction.

The spatial transformer networks [31] are trained based
on a similar interpolation-based mechanism to us. How-
ever, they focus on actively transforming the feature maps
for learning spatially invariant representations, while we
aim to localize and attend to the task-relevant regions of the
video frames for improving the inference efficiency. More-
over, we show that a straightforward implementation of this
mechanism fails to yield competitive results in our problem.
Special designs need to be introduced by our algorithm to
solve the optimization difficulties.
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Figure 2. An overview of adaptive focus networks (AdaFocus).
The global and local encoders fg and fi are two deep networks
(e.g., ConvNets). The former catches a glimpse of each frame,
enabling the recurrent policy network 7 to localize an informative
image patch v;. The latter is designed to extract discriminative
representations by processing v; with its large and high-capacity
architecture. A classifier fc aggregates the information from all
the processed frames to obtain the prediction.

B —

3. Method

The AdaFocus network [64] facilitates efficient video
recognition via reducing the spatial-wise redundant com-
putation. However, it suffers from a complicated three-
stage training procedure. This section introduces the details
of our end-to-end trainable AdaFocusV2 approach, which
consistently outperforms the original AdaFocus with a sim-
pler and more efficient training procedure.

3.1. Preliminaries of AdaFocusV1 [64]

We start by giving an overview of AdaFocus (see Figure
2), laying the basis for the discussions on training efficiency.
Assume that a stream of video frames {v;, v, ...} comes
in sequentially. AdaFocus first takes a quick glance at each
frame with a light-weighted global encoder fg, aiming to
extract cheap and coarse global features

e?:fG<'Ut)a t:1a27"'a (1)

where e denotes the feature maps of the ¢ frame. Then a
recurrent policy network 7 is learned to aggregate the fea-
tures of all previous frames {€¥, ..., ef}, and accordingly
determine the location of a small image patch v; to capture
the most informative region in v, for a given task.

The selected patch v, will be fed into a high-capacity,
accurate but computationally more expensive local encoder
fu to extract the local feature maps e}

el = fi(vy), t=1,2,.... )

Importantly, the computational cost introduced by Eq.(2) is
considerably smaller than activating f for processing the
whole frame due to the reduced size of v;. AdaFocus is
designed to unevenly allocate the computation across the
spatial dimension to improve inference efficiency.

Finally, a classifier fc integrates the information from all
the processed frames, and produces the softmax prediction
p, at th step, i.e.,

P = fc(cat(e?, e%), e 7cat(etG7 e]{)), 3)

where cat(-) is the concatenation operation'. Note that e
is leveraged for both localizing the informative patches and
classification, under the goal of facilitating efficient feature
reuse. This design is natural since it has been observed
that deep networks (e.g., ConvNets and Vision Transform-
ers) excel at learning representations for both recognition
and localization simultaneously [ 1, 55, 76]. In addition,
the architecture of fc may have different choices, such as
recurrent networks [6, 27], averaging the frame-wise pre-
dictions [40,47,48], and accumulated feature pooling [21].

Training algorithm. In the original AdaFocus [64] (re-
ferred to as AdaFocusV 1), the task of selecting task-relevant
patches is modeled as a non-differentiable decision problem
on several pre-defined patch candidates. Hence, the train-
ing of AdaFocusV1 includes both continuous (i.e., video
recognition) and discrete (i.e., patch localization) optimiza-
tion, resulting in a 3-stage algorithm to solve it alternatively.
They first train the classification components (i.e., fg, fL
and fc) with random patches, and then fix them to learn a
patch selection strategy (i.e., 7) using reinforcement learn-
ing. The final stage further fine-tunes the model with the
learned policy.

Limitations of AdaFocusV1. The underlying logic of
the 3-stage training is straightforward. However, this pro-
cedure is unfriendly for practitioners. First, effectively de-
ploying the reinforcement learning algorithm is nontriv-
ial. It requires considerable efforts for properly designing
the key components (e.g., the action space and the reward
function), and implementing specialized optimization tech-
niques (e.g., deep Q-Network [49] or proximal policy opti-
mization [54]). Second, the 3-stage alternative algorithm is
an indirect formulation for optimizing the recognition ob-
jective, which tends to be time-consuming, and may re-
sult in sub-optimal solutions. Third, the performance of
AdaFocusV1 largely depends on a number of implementa-
tion configurations (e.g., performing pre-training, freezing
some components in different stages, and stage-wise hyper-
parameter searching) that need to be carefully tuned on a
per-dataset or per-backbone basis.

In the following, we present an end-to-end trainable for-
mulation for AdaFocus to address the issue of inefficient

I Typically, global average pooling will be performed on e?, e't“ before

concatenation to obtain feature vectors. Here we omit this for simplicity.
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Figure 3. Illustration of interpolation-based patch selection.
This operation is differentiable, i.e., the gradients can be directly
back-propagated into the policy network 7 through the selected
image patch v;. Consequently, integrating the learning of 7 into a
unified end-to-end training paradigm turns out to be feasible.

training. The proposed network, AdaFocusV2, can be con-
veniently implemented to achieve consistently better perfor-
mance than AdaFocusV1 with reduced training cost.

3.2. Interpolation-based Patch Selection

To enable end-to-end training, we propose a differen-
tiable solution to obtain v;. Suppose that the size of the
original frame v; and the patch ¥, is HxW and PxP (P <
H, W), respectively’. We assume that 7 outputs the contin-
uous centre coordinates (£, §!) of vy, namely

(Te, Ge) = m(ef,.... e},

P P P P “)
~t - - ~1 . H-—
el W-gl dels H-5l,

where €, . .., e$ are the global features of 1 — ™ frames
extracted by the global encoder fg. Notably, we refer to the
coordinates of the top-left corner of the frame as (0, 0), and
Eq. (4) ensures that v; will never go outside of v;. Our aim
is to calculate the values of all pixels in v;, while allowing
the gradients to be back-propagated through (z{, g?).

Feed-forward. We first introduce the feed-forward pro-
cess of our method. Formally, the coordinates of a pixel in
the patch v, can be expressed as the addition of (z¢, §¢) and
a fixed offset:

p_P P2 ©)
o€y T LT

Herein, (Z};, 9};) denotes the horizontal and vertical coor-
dinates in the original frame v, corresponding to the pixel
in the i™ row and jth column of v, while o;; represents the

2In our implementation, the height/width/coordinates are correspond-
ingly normalized using the linear projection [0, H]— [0, 1] and [0, W] —
[0, 1]. Here we use the original values for the ease of understanding.

vector from the patch centre (Z¢, 7) to this pixel. Given a
fixed patch size, o;; is a constant conditioned only on ¢, 7,
regardless of ¢ or the inputs of 7.

Since the values of (z%,y!) are continuous, there does
not exist a pixel of v, exactly located at (:ifj, gjfj) to directly
get the pixel value. Alternatively, as illustrated in Figure 3,
we can always find that the location (%, 7f;) is surrounded
by four adjacent pixels of v;, forming a grid. The coordi-
nates are (|4, |31, 1) (1,11, 17, )). (134 38, +1)
and (|Z};] +1 951+ 1), respectlvely, where |-] denotes
the rounding-down operation. By assuming that the cor-
responding pixel values of these four pixels are (m )00s
(mgj)()l’ (mgj)l()’ and ( )119 the plxel value at ( Z] ’ ylj)
(referred to as m! ;) can be obtained via interpolation algo-
rithms. In this paper, we simply adopt the differentiable
bilinear interpolation:

oo (175 ] =25+ 1) ([7i;] —7i;+1)
( )01(‘%:3 L:E J)(Lme y23+1)
+ (mj ;i)0([T 7,7J + )(yz] - L%;J)
~1

( ) (2 z‘jfoEijJ)(yij*LyijJ)'
Consequently, we can obtain the image patch v, by travers-
ing all possible 7, j in Eq. (6).

Back-propagation. Give the training loss £, it is easy

to compute the gradient 0L/ 8771% with standard back-
propagation. Then, following on the chain rule, we have

g = (m;

(6)

oL oL Omg; oL Omg;
omt  L=9r tj’ Z@*t a~tj' 7
Te 5; iy O My O
Combining Eq. (5) and Eq. (7), we can further derive
omt; omt, omt, oml
J J J J (8)

ozt ozt;’ ogt  ogl’
Eq. (8) can be solved by leveraging Eq. (6), such that we
can obtain the gradients 9L/0z! and OL/0y!. Given that
7L and ! are the outputs of the policy network 7, the back-
propagation process is able to proceed in an ordinary way.

3.3. Training Techniques

Naive implementation. Thus far, we have enabled
the gradients to be back-propagated throughout the whole
AdaFocus network for updating all trainable parameters si-
multaneously. Consequently, end-to-end training has been
feasible. For example, one can minimize the frame-wise
cross-entropy loss Lcg(+) in AdaFocusV1 [64]:

1 T
72, L), ©)

minimize L = E |
{vl’vQ""} T

fo,fu,fo,m
where 7" and y denote the length and the label of the video
{v1,v2,...}, and p; is the softmax prediction at ¢ frame,
as stated in Section 3.1.
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However, importantly, such a straightforward implemen-
tation leads to the severely degraded performance (see Ta-
ble 6 for experimental evidence). We attribute this issue
to the absence of some appealing optimization properties
introduced by 3-stage training, namely the lack of supervi-
sion, input diversity and training stability. To solve these
problems, we develop three simple but effective training
techniques, with which end-to-end training can significantly
outperform the 3-stage counterpart. These techniques do
not introduce additional tunable hyper-parameters, while
achieving consistent improvements across varying datasets,
backbone architectures, and model configurations.

Lack of supervision: auxiliary supervision. AdaFo-
cusV1 first pre-trains the two encoders (i.e., fg, fL) sepa-
rately using a direct frame-wise recognition loss (by sim-
ply appending a fully-connected layer), aiming to obtain a
proper initialization. In contrast, when solving problem (9),
fc and fL are trained from scratch, while they are only indi-
rectly supervised by the gradients from the classifier fc. We
find that explicitly introducing auxiliary supervision on fg
and f1 effectively facilitates the efficient end-to-end train-
ing of AdaFocusV2. In specific, we attach two linear clas-
sifiers, FCg(-) and FCy (), to the outputs of fg and f, and
replace the loss function £ in (9) by £’

! 1 T
L = . [Lee(pe,y)

E —_
{vl , V2 ,} T t
+ Leg(SoftMax(FCg (€9)), y)

+ Lcg(SoftMax(FCL(€})), y)] },
where €5 and €} are the feature vectors after perform-
ing global average pooling on the feature maps ef and e
output by fg and fr. Intuitively, minimizing £’ enforces
the two encoders to learn linearized deep representations,
which has been widely verified as an efficient approach for
training deep networks [11,26,29]. This paradigm bene-
fits the learning of fc as well, since its inputs are explicitly
regularized to be linearly separable.

Lack of input diversity: diversity augmentation. In the
stage-1 for training AdaFocusV1, image patches are ran-
domly cropped, yielding highly diversified inputs for learn-
ing well-generalized local encoder fi. However, the patch
selection process presented in Section 3.2 is deterministic.
In Eq. (10), given a video frame, the local encoder fi only
has access to the patch specified by the policy network 7.
This procedure leads to the limited diversity of training data
for the inputs of fi. Empirically, we observe that it results
in the inferior performance of f;. We address this issue
by proposing a straightforward diversity augmentation ap-
proach. For each video, we first compute £’ by activating
7 as aforementioned. Then we infer fi and the classifier
fc for a second time using randomly cropped patches, ob-
taining an additional loss £/ which follows Eq. (10)

random®

Video Frame V¢ 1

Video Frame U

Figure 4. Illustration of AdaFocusV2+.

as well. Our final optimization objective is to minimize the
combination of £ and L/, 4 .:
N /

minimize (£" 4 Liandom)- (11)

Lack of training stability: stop-gradient. In AdaFo-
cusV1, the policy network 7 is learned on top of the fixed
and completely trained global encoder fg. When it comes to
end-to-end training, m and fg are simultaneously updated.
In this case, we observe that the gradients back-propagated
from 7 interfere with the learning of fg, leading to an unsta-
ble training process with slow convergence speed. We find
that this problem can be solved by simply stopping the gra-
dients before the inputs of 7. In other words, we propose to
train f using the pure classification objective without any
effect from 7, as done in AdaFocusV1. This design is ratio-
nal since previous works have revealed that the representa-
tions extracted by deep recognition networks can naturally
be leveraged for localizing task-relevant regions [ 1,55,76].

3.4. Reducing Temporal Redundancy

The basic formulation of AdaFocus processes each
frame using the same amount of computation, and hence
it can be improved by further reducing temporal redun-
dancy. AdaFocusV1 achieves this via skipping less infor-
mative frames with reinforcement learning. In contrast,
we propose a simple confidence-based early-exit algorithm
that achieves competitive performance. Our approach can
be directly deployed on AdaFocusV2 trained following the
aforementioned paradigm, without any additional training
process. We refer to this extension of AdaFocusV2 as
AdaFocusV2+, as shown in Figure 4.

It has been widely observed that there exist a consider-
able number of “easier” samples in datasets [21, 28,37, 65,

, 72], which can be accurately recognized with smaller
computational cost than others. In the context of videos,
we assume that processing a subset of frames (from the be-
ginning) rather than all may be sufficient for these “easier”
samples. To implement this idea, at test time, we propose to
compare the largest entry of the softmax prediction p; (de-
fined as confidence in previous works [28, 65, 66,72]) at ¢t
frame with a pre-defined threshold 7;. Once max; ps; > 7,
the prediction will be postulated to be reliable enough, and
the inference will be terminated by outputting p;. We al-
ways adopt a zero-threshold for at final frame.

The values of {11,792, ...} are solved on the validation
set. Suppose that the model needs to classify a set of
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Table 2. Comparisons of AdaFocusV1 and AdaFocusV2 on Table 3. AdaFocusV1+ v.s. AdaFocusV2+. The two methods are de-
training efficiency. ActivityNet mAP and wall-clock training ployed on the same AdaFocusV1 base model to reduce temporal redun-
time are reported. The latter is obtained using 4 NVIDIA 3090 dancy. ActivityNet mAP on varying inference cost (GFLOPs/video) is

GPUs. The better results are bold-faced (E2E: End-to-End).

reported. The better results are bold-faced (RL: reinforcement learning).

Methods 3-stage mAP on ActivityNet Training Wall-time Method Additional | On AdaFocusV1 (1282) On AdaFocusV1 (1602)

Training | 962 1282 1602 | 962 1282 1602 cthods Training | 19.6G/video 24.4G/video | 27.2G/video 34.6G/video
AdaFocusVI-MN2/RN | v/ 719% 750% 76.0% | 6.4h 7.2h 8.6h  AdaFocusVI-MN2/RN+| (RL) 74.2% 74.8% 75.5% 75.9%
AdaFocusV2-MN2/RN 77.4% 790% 79.9% | 3.4h 3.7h 43h  AdaFocusV2-MN2/RN+ 74.6% 75.0% 75.5% 75.9%

Table 4. Comparisons of AdaFocusV2 and state-of-the-art baselines on ActivityNet, FCVID and Mini-Kinetics. GFLOPs refers to
the average computational cost for processing a single video. The best two results are bold-faced and underlined, respectively.

. ActivityNet FCVID Mini-Kinetics
Methods ‘ Published on Backbones mAP  GFLOPs ~ mAP  GFLOPs Top-1 Acc. GFLOPs

AdaFuse [48] ICLR21 ResNet 73.1% 61.4 81.6% 45.0 72.3% 23.0
Dynamic-STE [35] ICCV’21 ResNet 75.9% 30.5 - - 72.7% 183
FrameExit [21] CVPR’21 ResNet 76.1% 26.1 - - 72.8% 19.7
AdaFocusV2-RN (1282) - ResNet 78.9% 34.1 84.5% 34.1 74.0% 34.1
AdaFocusV2-RN+ (1282) - ResNet 76.1% 15.3 81.6% 12.0 72.8% 13.4
LiteEval [69] NeurIPS'19 | MobileNet-V2 + ResNet |  72.7% 95.1 80.0% 943 61.0% 99.0
SCSampler [36] ICCV’19 | MobileNet-V2 + ResNet |  72.9% 420 81.0% 420 70.8% 420

ListenToLook [19] CVPR’20 MobileNet-V2 + ResNet 72.3% 81.4 - - - -
AR-Net [47] ECCV’20 | MobileNet-V2 + ResNet | 73.8% 33.5 81.3% 35.1 71.7% 32.0

AdaFrame [68] T-PAMI’2]1 | MobileNet-V2 + ResNet | 71.5% 79.0 80.2% 75.1 - -
VideolQ [57] ICCV’21 | MobileNet-V2 + ResNet | 74.8% 28.1 82.7% 27.0 723% 204
AdaFocusV2-MN2/RN (1282) - MobileNet-V2 + ResNet | 79.0% 27.0 85.0% 27.0 75.4% 27.0
AdaFocusV2-MN2/RN+ (1282) - MobileNet-V2 + ResNet | 74.8% 9.9 82.7% 10.1 72.3% 6.3

samples Dy, within a given computational budget B > 0 Following the common practice [19,40,47,48, 64,68, 69],

[28,65]. One can obtain the thresholds through
maximize Acc(n1,m2, ... |Dya)
MsM2,.-.

12
subject to FLOPs(n1,7s2, ... |Dya) < B (12
Here Acc(n1,72, ... |Dya) and FLOPs(n1,m2, . . . |Dya)
refer to the accuracy and computational cost on Dy, using
the thresholds {7, 72, ...}. Notably, by changing B, one
can obtain varying values of {n1,72,...}. The computa-
tional cost of AdaFocusV2+ can be flexibly adjusted with-
out additional training by simply adjusting these thresholds.
In our implementation, we solve problem (12) following the
method proposed in [28] on training set, which we find per-
forms on par with using cross-validation.

4. Experiment

In this section, we empirically compare AdaFocusV?2
with both AdaFocusV1 and state-of-the-art efficient video
recognition frameworks. We also demonstrate that AdaFo-
cusV2 is able to effectively reduce the inference cost on top
of recent representative light-weighted deep networks. In
addition, ablation studies and visualization results are pro-
vided for more insights. Code and pre-trained models are
available at https://github.com/LeapLabTHU/
AdaFocusV2.

Datasets. Six large-scale video recognition datasets
are used, i.e., ActivityNet [2], FCVID [33], Mini-Kinetics
[34,47], Something-Something (Sth-Sth) V1&V2 [23] and
Jester [45]. The official training-validation split is adopted.
Given the limited space, we introduce them in Appendix A.

we evaluate the performance of different methods via mean
average precision (mAP) and Top-1 accuracy (Top-1 Acc.)
on ActivityNet/FCVID and other datasets, respectively.
Setups. Unless otherwise specified, we uniformly sam-
ple 16 frames from each video on ActivityNet, FCVID and
Mini-Kinetics, while sampling 8/12 frames on Sth-Sth. Of-
fline recognition is considered, where we obtain a single
prediction for each video. We adopt the final prediction pp
after processing all frames for AdaFocusV2, and use the
early-exited prediction for AdaFocusV2+. We follow the
data pre-processing pipeline in [40,47, 64]. For inference,
we resize all frames to 2562 and perform 2242 centre-crop.

4.1. Comparisons with State-of-the-art Baselines

Baselines. In this subsection, we compare AdaFocusV?2
with a number of competitive baselines on ActivityNet,
FCVID and Mini-Kinetics. AdaFocusV1 and several state-
of-the-art frameworks for efficient video recognition are
considered, including MultiAgent [67], LiteEval [69], SC-
Sampler [36], ListenToLook [19], AR-Net [47], AdaFrame
[68], AdaFuse [48], VideolQ [57], Dynamic-STE [35] and
FrameExit [21]. An introduction is given in Appendix A.

Implementation details. The comparisons are pre-
sented on top of the same backbone networks. Follow-
ing AdaFocusV1, in most cases, we adopt MobileNet-V2
(MN2) [53] and ResNet-50 (RN) [26] as the global encoder
fc and local encoder fi, of AdaFocusV2. When comparing
with the methods that only leverage ResNet (i.e., FrameExit
[21], Dynamic-STE [35] and AdaFuse [48]), we replace the
MobileNet-V2 with a ResNet-50 with down-sampled inputs
(962). The two variants are referred to as AdaFocusV2-
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Figure 5. Comparisons of AdaFocusV2, AdaFocusV1 and state-of-the-art baselines on Figure 6. AdaFocusV2 (962, 1282, 160%)
ActivityNet in terms of inference efficiency. MobileNetV2 (MN2) and ResNet (RN) are v.s. state-of-the-art efficient video recogni-
deployed as backbones in all methods. AdaFocusV?2 adopts 962, 1282, and 160 patches. tion frameworks on top of ResNet (RN). Re-

Notably, AdaFocusV2+ can switch within each black curve without additional training.

sults on ActivityNet are reported.
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Figure 7. Comparisons of training efficiency
of AdaFocusV1 and AdaFocusV2 on Sth-
Sth V2. The wall-clock training time is ob-
tained based on 4 NVIDIA 3090 GPUs.

MN2/RN and AdaFocusV2-RN, respectively. A one-layer
gated recurrent unit (GRU) [6] with a hidden size of 2048
is used as the main body of the policy network 7, while the
accumulated max-pooling module [21] is deployed as the
classifier fc. The input frames are re-ordered following the
sampling policy in [21] (see Table 6 for ablation). Due to
spatial limitations, more details on network architecture and
training hyper-parameters are deferred to Appendix B.

AdaFocusV2 v.s. AdaFocusV1. The comparisons of
AdaFocusV2 and AdaFocusV1 in terms of mean average
precision (mAP) v.s. training/inference cost are presented
in Table 2 and Figure 5, respectively. Our method is im-
plemented with the patch size of 962, 1282, and 1602. One
can observe that AdaFocusV2 reduces the time consump-
tion for training by ~ 2 x, while dramatically improving the
mAP using the same parch size (by 4-5%).

Performance of AdaFocusV2+ is depicted in Figures
5, 6. The curves correspond to reducing temporal redun-
dancy on top of AdaFocusV2 (962, 1282, 160?), i.e., the
three black dots. As stated in Section 3.4, we vary the aver-
age computational budget, solve the confidence thresholds,
and evaluate the corresponding validation accuracy. One
can observe that AdaFocusV2+ effectively improves the in-
ference efficiency of AdaFocusV2. In Table 3, we compare

Inference Cost (GFLOPs/video)

Figure 8. AdaFocusV1 v.s. AdaFocusV2 on Sth-Sth V1 (left) and Sth-Sth V2 (right) in
terms of inference efficiency. The two algorithms are implemented on top of TSM [40]
with the patch size of {1442, 1602, 1762} and {1282, 1442, 1602, 1762}, respectively.
AdaFocusV?2 outperforms AdaFocusV1 significantly with the same network architecture.

Inference Cost (GFLOPs/video)

AdaFocusV2+ with AdaFocusV1+ by deploying them on
top of the same AdaFocusV1 base model. AdaFocusV2+
achieves slightly better performance, and removes the re-
quirement of additional reinforcement learning.

Comparisons with state-of-the-art baselines on Activ-
ityNet, FCVID and Mini-Kinetics are shown in Table 4. It
is clear that AdaFocusV2 (1282) outperforms all the com-
petitive efficient video recognition methods by large mar-
gins. For example, it achieves 4.2% higher mAP (79.0%
v.s. 74.8%) than VideolQ [57] on ActivityNet with simi-
lar GFLOPs. We further present the variants of the base-
lines with varying computational costs in Figure 5 for a
comprehensive comparison. It can be observed that our
method leads to a considerably better efficiency-accuracy
trade-off. With the same mAP, the number of the required
GFLOPs per video for AdaFocusV2+ is 1.9-3.6x less than
the strongest baselines.

4.2. Deploying on Top of Light-weighted Models

Setup. In this subsection, we implement AdaFocusV?2
on top of a representative efficient network architecture,
CNNs with temporal shift module (TSM) [40]. We adopt
the same network architectures and experimental protocols
as AdaFocusV1. The MobileNet-V2 and ResNet-50 with
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Table 5. Performance of AdaFocusV2-TSM and representative efficient video recognition models. MN2, R18/R34/R50 and BN-Inc.
denote MobileNet-V2, ResNet-18/34/50 and BN-Inception, respectively. TSM+ refers to the augmented TSM baseline with the same
network architecture as our method except for the policy network 7. We uniformly sample 8/12 frames for the MobileNetV2/ResNet-50
in our models. The throughput is tested on an NVIDIA GeForce RTX 3090 GPU with a batch size of 128. The best results are bold-faced.

Sth-Sth V1 Sth-Sth V2 Jester Throughput
Method Backbones  #Frames .y 1°Acc GFLOPs  Top-1 Acc. GFLOPs  Top-1Acc. GFLOPs  (NVIDIA 2090, beci28)
TSN [63] RS0 8 19.7% 332 27.8% 332 82.6% 332
AR-Net [47] MN2 + RI8/34/50 8 18.9% 414 - - 87.8% 212
TRNRGB/Fow [75] BN-Inc. 8/8 42.0% 32,0 55.5% 32,0 ) ;
ECO [/7] BN-Inc. + 3DRI8 8 39.6% 32,0 - -
TANet [43] R50 8 47.3% 33.0 60.5% 33.0
STM [32] RS0 8 47.5% 333 » -
TEA [39] RS0 8 48.9% 35.0 60.9% 35.0 - - -
TSM [40] RS0 8 46.1% 327 59.1% 327 96.0% 327 162.7 Videos/s
AdaFuse-TSM [48] RS0 8 46.8% 315 59.8% 313 ) ) ;

TSM+ [40] MN2+R50 848 47.0% 35.1 50.6% 35.1 96.2% 35.1 123.0 Videos/s
AdaFocusV2-TSM (1282) MN2+R50  8+12  47.0%  18.5(11.90x) 59.6%  185(L1.90x) 96.6%  18.5(/1.90x) 197.0 Videos/s (}1.60x)
AdaFocusV2-TSM (1442) MN2+RS0  8+12  48.2% 235 60.5% 235 ) - 159.6 Videos/s
AdaFocusV2-TSM (1602) MN2+RS0  8+12  48.6% 275 60.8% 27.5 ; ; 143.6 Videos/s
AdaFocusV2-TSM (1762) MN2+RS0  8+12 49.6% (12.6%) 337  61.3% (11.7%) 337  96.9% (10.7%) 337 123.5 Videos/s

Table 6. Ablation study of the training techniques. Three representative conditions with
different backbones, datasets and varying patch sizes are considered. We report the results 77
of AdaFocusV2-MN2/RN and AdaFocusV2-TSM on ActivityNet and Sth-Sth V1. 75
X =
Auxiliary Diversity Stop-  Frame sampling | ActivityNet (mAP) Sth-Sth V1 (Top-1 Acc.) & i“
supervision augmentation radient 011CYy Irom g -@- AdaFocusV2-MN2/RN (128x128)
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Figure 9. Ablation study of AdaFocusV2+.

TSM are used as fg and f.. A fully-connected layer is de-
ployed as fc to average the frame-wise predictions as out-
puts. The policy network 7 generates a single patch loca-
tion for the whole video after aggregating the information
of all frames, which is found important for high general-
ization performance [64]. Training details can be found
in Appendix B. Besides, for fair comparisons, the vanilla
TSM is augmented by exploiting the same two backbone
networks as ours (named as TSM+). TSM+ differentiates it-
self from AdaFocusV2 only in that it feeds the whole frames
into ResNet-50, while we feed the selected image patches.
Comparisons of AdaFocusV2 and AdaFocusV1 on
Sth-Sth in terms of training/inference efficiency are shown
in Figures 1, 7 and Figure 8. The end-to-end trainable
AdaFocusV2 accelerates the training by 2.2-2.4x, and im-
proves the accuracy by 1-1.5%/0.6-0.8% on Sth-Sth V1/V2.
Main results on Sth-Sth and Jester are presented in Ta-
ble 5. With the reduced input size, AdaFocusV2 enables
TSM to process more frames in the task-relevant region
of each video, and effectively improves the inference effi-
ciency. For example, AdaFocusV2-TSM reduces the com-
putational cost of TSM+ by 1.9 x without sacrificing accu-
racy. Notably, the practical speedup is significant as well.

4.3. Analytical Results

Effectiveness of the proposed training techniques are
validated in Table 6. One can observe that all of the
three techniques significantly improve the performance of

AdaFocusV2 across different experimental settings.

Ablation study of AdaFocusV2+ is presented in Fig-
ure 9. Two variants are considered: (1) random early-exit
with the same exit proportion as AdaFocusV2+; (2) early-
exit with fixed frame length. Our confidence-based adaptive
early-exit mechanism outperforms both of them.

Ablation study and the visualization results of the
learned patch selection policy are deferred to Appendix
C due to the limited space.

5. Conclusion

In this paper, we enabled the end-to-end training of adap-
tive focus video recognition networks (AdaFocus). We first
proposed a differentiable interpolation-based operation for
selecting patches, allowing the gradient back-propagation
throughout the whole model. Then we present three tailored
training techniques to address the optimization issues intro-
duced by end-to-end training. Experimental results on six
benchmarks demonstrated that our AdaFocusV?2 network is
considerably more efficient to train than the original AdaFo-
cus model, while achieving state-of-the-art performance.
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