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Abstract

Gradient-based methods are widely used to explain deep video
models, yet their ability to identify temporally important evidence
remains insufficiently understood. We study gradient-based video
explanation as frame-level temporal evidence detection. Using a
global-local spatiotemporal attention network trained with weak
video-level labels, we convert VanillaGrad, SmoothGrad, and Grad-
CAM outputs into frame-level importance scores and evaluate them
against annotated activity frames across four medically relevant
video classification tasks. The results show that combining full-
frame global views with local region-of-interest views improves
both video classification and important-frame detection. The global-
local model achieves 96.49 F1 for classification, and its SmoothGrad
explanations achieve 86.68 F1 for important-frame detection. At
the same time, the evaluation reveals failure modes: Grad-CAM
is less effective for the transformer-based model, and CNN-based
gradients are more reliable for long videos. These findings suggest
that video explanations should be evaluated by their ability to
identify relevant frames, not only by visual inspection of saliency
heatmaps.
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1 Introduction

Deep video models are increasingly used to analyze sequential
and multimodal data in health-related settings, including activ-
ity recognition and rehabilitation assessment [16, 23]. Although
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these models can achieve strong predictive performance, it is often
unclear which frames support their predictions. This challenge is
especially important for video classification: a model may predict
the correct activity label, but an explanation should also indicate
when the relevant activity occurs. For video and time-series data,
explanation is therefore not only a spatial localization problem, but
also a temporal evidence detection problem.

Gradient-based methods are widely used as post-hoc explana-
tions for deep models [6, 29, 30]. These methods estimate the contri-
bution of input pixels or regions to a model prediction and are often
visualized as saliency heatmaps. However, most saliency-based ex-
planations have been studied in image settings, where the main
question is which spatial regions are important. In videos, a frame-
level heatmap may look visually plausible but still fail to identify
the frames that contain the relevant temporal evidence. Prior work
has explored saliency-based explanations for time-series and video
models [10, 24, 25], while others have called for more rigorous tem-
poral evaluation of XAI methods beyond visual interpretability [26].
However, it remains unclear when gradient-based explanations re-
cover annotated important frames, and how this ability depends on
model architecture, input representation, attribution method, and
sequence length.

In this paper, we study gradient-based video explanation as
frame-level temporal evidence detection. We instantiate this evalua-
tion with a global-local spatiotemporal attention network (GLSTAN)
trained using weak video-level labels. Frame-level annotations are
used only for evaluation, allowing us to test whether explanations
recover the moments when the target activity occurs. We com-
pare global video frames, local region-of-interest views, and their
combination, and convert VanillaGrad [29], SmoothGrad [30], and
Grad-CAM [6, 27] outputs into frame-level importance scores. We
evaluate these scores across four medically relevant classification
tasks.

Our results show that combining full-frame global views with
local region-of-interest views improves both video classification
and important-frame detection. GLSTAN with global-local views
achieves 96.49 F1 for classification, and its SmoothGrad explana-
tions achieve 86.68 F1 for important-frame detection. At the same
time, the evaluation reveals failure modes: Grad-CAM is weaker for
the transformer-based model, and CNN-based gradients are more
reliable for long videos. These findings suggest that video expla-
nations should be evaluated by their ability to identify relevant
frames, not only by visual inspection of saliency heatmaps.

This work makes three contributions. First, we formulate gradient-
based video explanation as frame-level important-frame detec-
tion, using weak video-level labels for training and frame-level
annotations only for evaluation. Second, we compare global, local,
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and global-local video representations for both video classification
and temporal explanation quality. Third, we identify method- and
sequence-dependent limits of gradient-based explanations, show-
ing when global-local transformer explanations help and when
CNN-based gradients remain preferable for long videos.

2 Related Work

2.1 Explainable AI for Time-Series and Video
Classification

Attribution-based explanations, such as VanillaGrad, SmoothGrad,
and Grad-CAM, are widely used to explain deep models by estimat-
ing which inputs contribute to a prediction [6, 27, 29, 30]. Extending
these methods from images to time-series and videos is challenging
because relevant evidence is distributed across both features and
time [24, 31].

Prior work has studied instance-wise feature importance for tem-
poral models [31], benchmarked interpretability methods for deep
time-series prediction [13], and proposed perturbation-based expla-
nations for time-series classifiers [22]. Recent studies further exam-
ine class-specific explanations [9], saliency robustness [2], interval-
based counterfactual explanations [32], and time-frequency expla-
nations [7]. Related work used saliency-derived pseudo-labels to
train frame-level rehabilitation classifiers from weakly annotated
videos [8]. Preliminary studies evaluated gradient-based saliency
for recovering important frames in rehabilitation [16] and medically
relevant activity videos [15]. Building on this work, we frame video
explanation as important-frame detection and provide a consoli-
dated analysis across model architectures, input views, attribution
methods, and sequence lengths.

2.2 Spatiotemporal Video Models and
Global-Local Evidence

Video classification models have advanced from convolutional and
recurrent architectures to transformer-based spatiotemporal mod-
els that capture long-range dependencies across frames [1, 3, 19, 20].
These models improve activity recognition by modeling appearance,
motion, and temporal context. However, stronger classification per-
formance does not necessarily imply better explanation quality: a
model may classify a video correctly while its attribution scores
emphasize irrelevant frames or produce diffuse temporal evidence.

Prior video models have used spatiotemporal attention and lo-
cal/global context to improve action recognition or temporal local-
ization [21, 33]. Global frames preserve full-frame context, while
local region-of-interest views can reduce background influence
and focus the model on activity-relevant visual evidence. However,
these representations have primarily been studied for recognition
or localization performance, leaving their effect on gradient-based
temporal explanations underexplored.

Our work addresses this gap by jointly evaluating video classifica-
tion and important-frame detection across global, local, and global-
local views. This allows us to test not only whether global-local
transformer representations improve prediction, but also whether
their gradient-based explanations recover annotated activity frames,
and when attribution method or sequence length limits explanation
reliability.
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3 Methods

We study gradient-based video explanation as a frame-level tempo-
ral evidence detection problem (Figure 1). Given a video clip and a
trained classifier, the goal is to test whether attribution scores iden-
tify the frames in which the target activity occurs. Our framework
has two steps: training a weakly supervised video classifier with
global, local, and global-local views, and converting gradient-based
attribution maps into frame-level importance scores for evaluation.

3.1 Task Formulation

Let X € R3>*TXHXW denote a video clip with T frames, spatial
resolution H X W, and three color channels. Each clip has a video-
level label y € {1,...,C}, where C is the number of activity classes.
A classifier fp predicts class probabilities and a video-level label:
p=/fo(X), §=arg max p,.. (1)
ce{1,....C}
The classifier is trained using only video-level labels. Frame-level
annotations are not used to train the model; they are reserved for
evaluating whether explanations identify temporal evidence.

3.2 Global-Local Video Classification

We instantiate fp using a Global-Local SpatioTemporal Attention
Network (GLSTAN), based on UniFormer blocks for efficient spa-
tiotemporal representation learning [19]. GLSTAN uses local spa-
tiotemporal relation aggregation in early stages and global relation
aggregation in later stages, allowing the model to capture both
short-range motion and long-range temporal context.

To examine how input evidence affects both prediction and ex-
planation, we construct three views of each video. The global view
uses the full frame. The local view focuses on the region of interest
by applying a binary spatiotemporal mask M € {0, 1}1XTxHxW
estimated from OpenPose keypoints [4]:

XE=Xo M. (2

The global-local view concatenates the full-frame video with the
ROI-masked video, allowing the model to use both scene context
and localized activity evidence. We train separate classifiers using
global, local, and global-local views, which allows us to test whether
localized visual evidence improves video classification and whether
it also changes the temporal quality of gradient-based explanations.

3.3 Gradient-Based Temporal Explanation

After training, we compute attribution maps for the predicted class
7 using VanillaGrad [29], SmoothGrad [30], and Grad-CAM [6, 27].
Let A9 € RPXTXHXW denote the attribution map produced by
method g after resizing to the input resolution when needed, where
D is the number of input channels for the corresponding view.
To compare attribution methods at the frame level, we aggregate
attribution values over channels and spatial dimensions:

D H W

,g:ﬁZZZMZMWL t=1,...,T. 3)

c=1 h=1 w=1

The resulting frame scores are min-max normalized within each
video to obtain z7 € [0,1]. A frame is predicted as important if its
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Figure 1: Overview of the proposed frame-level explanation pipeline. Given an input video, we construct global, local, and
global-local views and train a GLSTAN classifier using weak video-level labels. We then apply gradient-based attribution
methods, aggregate attribution scores over each frame, and threshold normalized scores to identify important frames as

temporal evidence.

normalized score exceeds a threshold 7 selected on the training
split and then fixed for held-out evaluation:

b =1[! > 7). (@)

This fixed-threshold protocol provides a controlled comparison
across models and attribution methods, but it does not eliminate
threshold sensitivity; we therefore interpret the resulting F1 scores
as one operational measure of temporal evidence recovery rather
than a complete temporal localization benchmark.

We evaluate explanation quality using important-frame detec-
tion F1 by comparing predicted important frames l;? with frame-
level annotations b;. This treats gradient-based video explanation
as temporal evidence detection: a useful explanation should assign
high importance to frames that contain the annotated activity and
low importance to irrelevant frames.

4 Experiments

We evaluate whether gradient-based explanations recover tempo-
rally important evidence in video classification. Our experiments
address two questions: (1) whether global-local spatiotemporal rep-
resentations improve weakly supervised video classification, and
(2) whether attribution scores from trained classifiers identify an-
notated important frames. We compare model architecture, input
view, attribution method, and sequence length under the same
frame-level evaluation protocol.

Datasets. We use two video datasets. From NTU RGB+D [28],
which contains 114,480 videos across 60 activity classes, we se-
lect three medically relevant classes: falling down, headache, and
chest pain. Each class contains 948 videos, yielding 2,844 videos for
weakly supervised video classification. To evaluate temporal expla-
nation quality, we annotate 900 videos with frame-level labels indi-
cating whether the target activity occurs at each frame. We also use
a stroke rehabilitation dataset from prior rehabilitation-assessment
and personalized coaching work [17, 18], containing 300 videos
from 15 post-stroke survivors performing rehabilitation exercises.

Each video has a video-level label indicating whether compensatory
motion occurs and expert frame-level annotations indicating when
compensation occurs. Across both datasets, video-level labels are
used to train classifiers, while frame-level annotations are reserved
only for evaluating explanation quality.

Models and Training. We compare GLSTAN with three base-
lines: a ResNet50 feature-based fully connected classifier (FCL) [11],
a CNN over patched frame features [14], and an LSTM-based recur-
rent classifier [12]. GLSTAN is initialized from a UniFormer model
pre-trained on Kinetics-400 [5, 19]. For each model, we evaluate
global, local, and global-local input views. The global view uses
full frames, the local view masks non-ROI pixels using OpenPose-
estimated body regions [4], and the global-local view concatenates
full-frame and ROI-masked views. For NTU RGB+D tasks, we use
10-fold cross-validation over 2,844 videos. For the rehabilitation
task, we use leave-one-patient-out cross-validation over 15 par-
ticipants. GLSTAN is trained with AdamW, a cosine learning-rate
schedule, and a batch size of 64.

Evaluation. We report video classification F1 and important-
frame detection F1. For explanation evaluation, we generate attribu-
tion maps using VanillaGrad [29], SmoothGrad [30], and Grad-CAM
[6, 27]. Attribution maps are converted into frame-level impor-
tance scores by aggregating attribution values over spatial dimen-
sions and normalizing scores within each video. The threshold for
important-frame prediction is selected on the training split and
fixed for held-out evaluation. We evaluate short 20-frame clips and
long 394-frame rehabilitation videos to test whether explanation
reliability changes with sequence length.

5 Results and Discussion

Table 1 reports weakly supervised video classification F1. GLSTAN
with global-local views achieves the best performance, with 96.49
F1. Compared with GSTAN using global views only and LSTAN
using local views only, GLSTAN improves F1 from 95.43 and 95.61 to
96.49, suggesting that full-frame context and ROI-focused evidence
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provide complementary information. ResNet-based baselines also
benefit from global-local views, but remain substantially below the
UniFormer-based models.

Table 1: Weakly supervised video classification F1 for global,
local, and global-local views.

Model Backbone Pretrain Global Local Global+Local
FCL ResNet50 - 80.87 - -

FCL ResNet50 Kinetics 81.48 74.20 90.63
CNN ResNet50 Kinetics 82.43 74.20 90.39
RNN/LSTM  ResNet50 Kinetics 83.61 - -

STAN UniFormer Kinetics 95.43 95.61 96.49

Table 2 reports important-frame detection F1 across attribution
methods. GLSTAN with global-local views performs best with Vanil-
laGrad and SmoothGrad, reaching 86.43 and 86.68 F1, respectively.
Compared with CNN global-local using SmoothGrad, GLSTAN im-
proves important-frame detection from 83.36 to 86.68. This shows
that the global-local representation improves not only video-level
classification, but also the ability of attribution scores to recover
temporally important evidence.

Table 2: Important-frame detection F1 across four activities,
input views, and attribution methods.

Model View VanillaGrad SmoothGrad Grad-CAM

CNN Global 82.09 82.04 81.30
CNN Local 82.33 82.33 82.08
CNN Global+Local 82.89 83.36 82.22
GLSTAN Global 85.87 86.19 80.47
GLSTAN Local 85.82 86.01 79.04
GLSTAN Global+Local 86.43 86.68 80.60

The gap between attribution methods highlights why temporal
explanation should be evaluated separately from video classification.
VanillaGrad and SmoothGrad benefit from GLSTAN’s global-local
representation, suggesting that this representation yields attribu-
tion patterns that better align with temporally relevant activity
evidence. In contrast, Grad-CAM does not show the same benefit
with GLSTAN and performs best with the CNN global-local model,
reaching 82.22 F1 compared with 80.60 for GLSTAN global-local.
This indicates that attribution quality depends not only on the pre-
dictive model, but also on how the explanation method extracts
and aggregates evidence from that model. One possible reason is
that Grad-CAM relies on coarser intermediate activation maps and
subsequent resizing, which can make frame-level evidence more
spatially diffuse than input-gradient methods such as VanillaGrad
and SmoothGrad. This finding cautions against treating saliency
quality as a direct byproduct of classification accuracy.

The qualitative comparison in Figure 2 illustrates the method-
dependent nature of GLSTAN explanations. In this example, Vanil-
laGrad produces more localized saliency around the relevant body
region, while Grad-CAM with GLSTAN produces more diffuse acti-
vations across frames. This pattern is consistent with Table 2, where
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GLSTAN performs strongly with VanillaGrad and SmoothGrad but
less effectively with Grad-CAM.

Sequence length further changes the relative advantage of model
architectures. On the rehabilitation task, GLSTAN global-local per-
forms best on short 20-frame clips, reaching 83.69 F1 with Smooth-
Grad compared with 79.89 for CNN global-local. On long 394-frame
videos, however, CNN global-local reaches 95.60 F1, while GLSTAN
global-local reaches 87.80. This suggests that transformer-based ex-
planations are effective for short sampled clips, whereas CNN-based
gradients may be more reliable for dense long-sequence attribution.

W—h W’W"W’

(a) Original frames

(b) VanillaGrad

TP

(c) Grad-CAM with GLSTAN

Figure 2: Qualitative comparison of gradient-based expla-
nations across representative video frames from the NTU
RGB+D Action Recognition Dataset. In this example, Vanil-
laGrad highlights localized body-region evidence, while
Grad-CAM with GLSTAN produces more diffuse activations.
© ROSE Lab, Nanyang Technological University, Singapore.

These results position important-frame detection as a useful eval-
uation protocol for video explanations. Unlike qualitative saliency
inspection, frame-level evaluation directly tests whether expla-
nations recover the temporal evidence associated with a predic-
tion. This is especially important for video and time-series settings,
where explanations must identify not only which visual evidence
is relevant, but also when that evidence occurs. The proposed eval-
uation therefore provides a compact way to compare model archi-
tectures, input representations, and attribution methods under the
same temporal evidence detection objective.

Overall, our findings show that global-local views improve both
classification and important-frame detection, but explanation re-
liability remains method- and sequence-dependent. Our study is
limited to one transformer-based architecture, a small set of medi-
cally relevant activity tasks, ROI construction from a pose estimator,
and threshold-based F1 evaluation. In particular, the local view de-
pends on OpenPose-derived body regions, which may fail under
occlusion, poor pose estimation, or non-human activity settings. Fu-
ture work should examine additional architectures, ranking-based
temporal metrics, and broader video or time-series domains.
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6 Conclusion

We studied gradient-based video explanation as frame-level tempo-
ral evidence detection. Across four medically relevant activity tasks,
global-local video representations improved both weakly super-
vised classification and important-frame detection, with GLSTAN
and SmoothGrad achieving the strongest temporal explanation
performance. The results also reveal important failure modes: Grad-
CAM is less effective with GLSTAN, and CNN-based gradients are
stronger for long videos. These findings show that video explana-
tions should be evaluated by whether they identify relevant frames,
not only by visual inspection of saliency heatmaps.
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