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Abstract

Temporal Action Detection (TAD) is fundamental yet chal-
lenging for real-world video applications. Leveraging the
unique benefits of transformers, various DETR-based ap-
proaches have been adopted in TAD. However, it has re-
cently been identified that the attention collapse in self-
attention causes the performance degradation of DETR for
TAD. Building upon previous research, this paper newly
addresses the attention collapse problem in cross-attention
within DETR-based TAD methods. Moreover, our findings
reveal that cross-attention exhibits patterns distinct from pre-
dictions, indicating a short-cut phenomenon. To resolve this,
we propose a new framework, Prediction-Feedback DETR
(Pred-DETR), which utilizes predictions to restore the col-
lapse and align the cross- and self-attention with predictions.
Specifically, we devise novel prediction-feedback objectives
using guidance from the relations of the predictions. As a
result, Pred-DETR significantly alleviates the collapse and
achieves state-of-the-art performance among DETR-based
methods on various challenging benchmarks, including THU-
MOS14, ActivityNet-v1.3, HACS, and FineAction.

Introduction

With the advancement of society, the use of video media has
become increasingly widespread. As a result, the demand
for efficient methods to search for desired segments within
untrimmed videos has grown significantly. One fundamen-
tal task, Temporal Action Detection (TAD), aims to identify
specific actions within a video and determine their temporal
boundaries. TAD has primarily advanced through two-stage
approaches. However, recent research has increasingly fo-
cused on end-to-end DETR-based methods.

DETR (Carion et al. 2020) is a framework initially pro-
posed and developed in the literature of object detection, in-
troducing the first end-to-end detection framework using set
prediction. The DETR method has also been extended to the
video domain and applied to TAD (Tan et al. 2021; Liu et al.
2022b; Shi et al. 2022). In TAD, each query is used to predict
an action within the video along with its corresponding time
interval. To achieve this, bipartite matching is employed to
align each query with the ground-truth actions and their tem-
poral intervals within the untrimmed video. This approach
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Figure 1: Attention collapse problem. The figure depicts
the cross- ((a), (c)) and self-attention maps ((e), (g)) of the
decoder as well as the predictions ((b), (d)) and their normal-
ized IoU similarity map ((f), (h)). DETR for TAD with stan-
dard attention severely suffers from the attention collapse in
its cross-attention and self-attention ((a), (e)). The collapsed
attention focuses on a few encoder features (a) or decoder
queries (e) regardless of the DETR predictions ((b), (f)).

has the distinct advantage of eliminating traditional heuris-
tics like Non-Maximum Suppression (NMS).

Although DETR with standard attention (shortly original-
DETR) has advanced compatibly with Deformable-
DETR (Zhu et al. 2021) in object detection, original-DETR
in TAD even with recent architectures like DAB-DETR (Liu
et al. 2022a) shows a way worse performance. Recently,
the root of this issue is identified as the attention collapse
problem in self-attention (SA) by Self-DETR (Kim, Lee,
and Heo 2023) as depicted in (e) of Fig. 1, where all decoder
queries focus on a few queries. The attention collapse is the
phenomenon of skipping the attention module to prevent
from degeneration of the model (Dong, Cordonnier, and
Loukas 2021) towards a rank-1 matrix. Self-DETR utilizes
the cross-attention (CA) map to recover the collapsed SA.

However, their solution depends on the soundness of the
CA; otherwise it could be suboptimal. We discover that it is
not sound; rather collapsed as depicted in Fig. 1. The figure
shows that the decoder queries in CA attend to a few encoder
features ((a) of the figure), exhibiting the same pattern over
almost all queries. It is a particularly critical issue because



CA is crucial for the task as it bridges the queries and the
video features. This leads us to resolve the collapse of CA
and develop another approach for self-feedback.

Fig. 1 also illustrates the localization predictions in (b),
and their corresponding Interaction-over-Union (IoU) map
as the self-relation of the queries in (f). In the figure, the at-
tention maps demonstrate clearly different patterns regard-
less of their predictions and self-relation. Typically, we in-
terpret that the attention maps represent where the model fo-
cuses, thus implying why it produces those results. Hence,
this phenomenon is analogous to a shortcut, where the model
relies on simpler cues rather than learning meaningful rep-
resentations. Despite this collapsed attention, the model
still generates diverse and plausible results, even though all
queries focus on the same background regions, as seen in
(a) of the CA. This occurs because bipartite matching in the
objective of DETR enforces varied predictions by penaliz-
ing duplicate results. Based on this observation, we suggest
that attention maps be aligned with their corresponding pre-
dictions. By using the predictions, rather than the collapsed
CA, as a guide for attention, we aim to generalize the model
and address the issue of attention collapse.

To this end, we propose a new framework, Prediction-
Feedback DETR (Pred-DETR), to tackle the collapse of the
entire attention mechanisms in DETR. Our approach begins
by expressing the relation of the decoder queries as the IoU
similarity map of the DETR predictions with their time inter-
vals. We also reformulate the CA map into the self-relation
of the decoder queries. Next, we introduce an auxiliary ob-
jective that aligns the self-relation from the CA and SA maps
with the IoU similarity map derived from the predictions.
Additionally, we leverage encoder predictions from the re-
cent DETR mechanism to guide the encoder SA and decoder
CA. Through extensive experiments with various challeng-
ing benchmarks including THUMOS14, ActivityNet-v1.3,
HACS, and FineAction, we demonstrate that the proposed
methods remarkably reduce the degree of the attention col-
lapse problem. Furthermore, the activated attention leads
to substantial performance improvements, achieving a new
state-of-the-art among DETR-based methods.

To sum up, our main contributions are as follows:

e We identify the attention collapse problem in cross-
attention of DETR for TAD. Especially, we found that the
cross-attention exhibits clearly different patterns from
the predictions, which implies a short-cut phenomenon
due to the collapse.

* We propose a novel framework, Prediction-Feedback
DETR (Pred-DETR), which utilizes predictions for re-
lieving the attention collapse. We give an auxiliary ob-
jective for the collapsed attention modules to be aligned
with the IoU relation of the predictions.

* Our extensive experiments demonstrate that Pred-DETR
remarkably reduces the degree of the attention collapse
by maintaining high diversity of attention. Moreover,
we validate that our model achieves a new state-of-the-
art performance over the DETR-based models on THU-
MOS14, ActivityNet-v1.3, HACS, and FineAction.
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Related Work
Temporal Action Detection

Temporal action detection (TAD) task focuses on identi-
fying time intervals of action and classifying the instance
within untrimmed videos. Over the past decade, significant
advancements in TAD have been achieved by foundational
methods (Yeung et al. 2016; Shou, Wang, and Chang 2016;
Buch et al. 2017). Inspired by the success of two-stage
mechanisms in object detection, many TAD methods have
adopted a multi-stage framework (Gao et al. 2017; Zhao
et al. 2017; Xu, Das, and Saenko 2017; Kim and Heo 2019).

As the subsequent work, point-wise learning has been
widely adopted to generate more flexible proposals with-
out pre-defined time windows. SSN (Zhao et al. 2017) and
TCN (Dai et al. 2017) introduced extended temporal con-
text around the generated proposals to enhance ranking per-
formance. BSN (Lin et al. 2018) and BMN (Lin et al.
2019) grouped start-end pairs to build diverse action pro-
posals, then scored them for final localization predictions.
BSN++ (Su et al. 2021) pointed out the imbalance problem
over temporal scales of actions based on BSN. Recently, Ac-
tionFormer (Zhang, Wu, and Li 2022) and TriDet (Shi et al.
2023) deployed transformer-based encoder as multi-scale
backbone network, and BRN (Kim et al. 2024) resolved the
issue of multi-scale features for TAD.

DETR

DETR (Carion et al. 2020) is the first work to view object de-
tection as a direct set prediction problem, and allow for end-
to-end detection without any human heuristics such as non-
maximum-suppression (NMS). However, DETR demands
10 times longer training than the conventional approaches
as bipartite matching is hard to optimize. For this issue, De-
formable DETR (Zhu et al. 2021) introduced sparse atten-
tion, which attends only a part of elements by learning to
specify positions to focus on. The subsequent DETR-based
models (Meng et al. 2021; Liu et al. 2022a) further advanced
query representations through explicitly encoding box infor-
mation, which effectively helps to stabilize training.

In TAD, the DETR-based methods are also deployed as
DETR has reached a new state-of-the-art performance in
object detection. RTD-Net (Tan et al. 2021) identified the
problem of the dense attention in the encoder of DETR,
which exhibits nearly uniform distribution causing that
the self-attention layers act like an over-smoothing effect.
TadTR (Liu et al. 2022b) devised temporal deformable at-
tention inspired by Deformable DETR (Zhu et al. 2021). Re-
Act (Shi et al. 2022) developed a new relation matching to
enforce high correlation between queries with low-overlap
and high feature similarity. Also, LTP (Kim, Lee, and Heo
2024) proposed a pre-training strategy tailored for DETR.

Recently, Self-DETR (Kim, Lee, and Heo 2023) revealed
the problem of the degraded DETR performance for TAD
as attention collapse in the self-attention and proposed self-
feedback to utilize a guidance map from the cross-attention
maps for the self-attention modules. Although it remark-
ably reduced the degree of the attention collapse, its optimal
performance depends on the assumption that cross-attention
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Figure 2: Overall architecture of the proposed framework, Pred-DETR. The figure illustrates the entire framework of our
model, Pred-DETR. Pred-DETR consists of the two main parts: DETR architecture and prediction-feedback. The encoder
and decoder predictions are converted to the relation of Intersection-over-Union (IoU). Then these IoU maps are utilized for
prediction-feedback for the collapsed self- and cross-attention. Note that the encoder predictions are deployed only for training.

is sound. However, we discover that cross-attention has
collapsed, and therefore introduce prediction-guided feed-
back which activates the cross-attention as well as the self-
attention based on guidance from prediction relations.

Our Approach

This section introduces our proposed method, prediction
feedback for Pred-DETR. To be specific, we first elaborate
on the preliminaries, and discuss the attention collapse and
predictions. Then the explanation of our prediction-feedback
mechanisms is followed depicting the overall framework in
Fig. 2. Moreover, we provide an extension of prediction-
feedback to the encoder via the recent DETR architecture,
only for training. Finally, we summarize the overall objec-
tives for Pred-DETR.

Preliminary

DETR. DETR (Carion et al. 2020) adopts the trans-
former (Vaswani et al. 2017) architecture and composed of
two main components: encoder and decoder. First, the en-
coder captures the global relationships among input features,
which is achieved through similarity calculation of SA.

On the other hand, the decoder performs cross-attention
operations between object queries and encoder features.
Here, object queries are learnable embedding vectors that
learn positional information similar to anchors. This mech-
anism ensures that each query attends to the most relevant
parts of the input features processed by the encoder.

Attention Mechanism. An attention module takes three in-
puts, projecting each into three latent spaces through linear
layers. The resulting projections are referred to as query @,
key K and value V, respectively. The attention map is then
computed by matrix multiplication of () with the transpose
of K, followed by applying the softmax activation function,
scoring similarity between () and K. By pooling V' with the
scores followed by a linear projection, we obtain the output
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of the attention modules. Formally, @), K, and V' are repre-
sented as RVexP RNeXD and RNVv* D respectively, where
Ny, Ni, and N, denote the lengths of ), K and V' while D
represents the number of channels. When @, K and V all
have the same number of channels, the attention mechanism
can be formulated as follows:

T

Attention(Q, K, V) = AV; A = softmax(Q\/5

where A € RNa*Nk is the attention map, AT is the trans-
pose of A. For the SA module, the inputs to ), K and V" are
the same while () is obtained from the object queries, while
K and V are from the encoder features in the CA module.

DETR for TAD. There are three different things from orig-
inal DETR for object detection. First of all, we utilize video
features from 3D CNN pre-trained on Kinetics (Kay et al.
2017). Note that 3D CNN is frozen and only the temporal di-
mension is left for video features by global average pooling
over the spatial dimensions. Secondly, decoder queries act as
action queries instead of object queries since decoder’s out-
puts are used to predict the temporal action detection results.
Lastly, DAB-DETR (Liu et al. 2022a) is adopted, consistent
with Self-DETR (Kim, Lee, and Heo 2023).

Self-DETR. It is the first work to identify the collapse of
encoder and decoder SA maps in DETR when applied to
TAD. To guide the collapsed SA maps, they process the CA

map A€ € RY: *Ni as follows:

b = A° x (AT, A5epe = (A9)7T x A°,

), (D

2

where Af, € RN:*Ni and AS, o € RNV indicate re-
lations between queries and between keys, respectively. In
the next step, they ensure the encoder and decoder SA maps
resemb.le A and Af by applying Kpl!back—Leibler
(KL) divergence loss. Please refer to the original paper for
additional details.
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Figure 3: Prediction-Feedback. This illustrates the detailed mechanism of prediction-feedback for the cross-attention. The
DETR predictions are diverse thanks to the bipartite matching. By aligning attention with the IoU relation from the predictions,
the query relation is recovered, alleviating the attention collapse.

Prediction-Feedback

Attention Collapse. The attention collapse problem is a
phenomenon where the attention matrix becomes a rank-1
matrix to skip the attention module to prevent degeneration
of the learning (Dong, Cordonnier, and Loukas 2021). The
collapsed attention outputs uniform values for all queries, re-
sulting in the input being conveyed without additional rep-
resentations through the residual connection. In this paper,
we newly discover the collapse of CA. This problem brings
a question for the assumption of the previous work that the
CA is sound. As a result, the complete remedy for the col-
lapse through the entire attention modules is required.

Feedback from Predictions. DETR is the first work of end-
to-end detection mechanism without anchor boxes or non-
maximum suppression (NMS). For this, it uses learnable
queries and bipartite matching to assign detection targets to
queries since there is no pre-defined matches between pre-
dictions and the ground-truth. As the matching is one-to-one
mapping, the DETR predictions will be diverse because one
query gets a negative loss when two queries produce similar
localization results. From this property, the guidance from
the predictions can activate the collapse attention modules.

Feedback for Cross-Attention. The bottom line is that both
the prediction and the CA map are represented as the rela-
tions of the decoder queries to bridge between them. There-
after, we make the collapsed relation follow the diverse re-
lation from predictions through an auxiliary objective. The
CA of the decoder connects the decoder queries with the en-
coder features to predict actions of interest. One can regular-
ize the collapsed CA map directly; however, to maintain the
flexibility of attention results, we propose to guide the query
relation AZ) extracted from the A°. The query relation is
simply extracted from the CA, indicating how they attend
to a similar group of encoder features. Here, the purpose of
reformulation of CA into self-relation is the opposite where
Self-DETR utilizes A%, as the guidance of feedback.
Subsequently, we design a guidance map based on predic-
tions. The key point here is that the query relation can also
be extracted from the IoU similarity among predictions as
depicted in Fig. 3. To be specific, each prediction is iden-
tical to the refined decoder query and includes the time in-
terval t; = {s;,e;} where s; and e; are the start and end
times, respectively. Therefore, the query relation is obtained
from predictions by constructing an IoU similarity matrix
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d NExNd d
PQQ € R"«*"a, where N, q denotes the number of decoder
queries, as below.

max(0, min(e;, e;) — max(s;, s;))

PL,(i,5) = , @3
0o (i:J) max(e;, ;) — min(s;, s;) )
where 7,7 = 1,2,...,]\7;.
After normalizing P2, by a softmax function, feedback
objective with predictions for decoder CA is finally defined

as follows:
EdCA = DKL(AEQQ || PC%Q)v

where D, is the KL divergence loss.

“4)

Feedback for Decoder Self-Attention. Furthermore, we
propose to guide the collapsed decoder SA maps with PgQ.
Previous work has already shown the collapsed of the de-
coder SA maps and the positive impact of feedback on their
recovery. In addition, we enhance the feedback mechanism
by utilizing P5Q, which guarantees higher diversity than
CA-based guidance. Prediction-feedback objective for the
decoder SA maps A? € RY $*N{ is defined as follows:

Lis = Drr(A% ]| P5g). (5)
Feedback for Encoder Self-Attention. Besides the de-
coder, the encoder SA also suffers from a severe attention
collapse. Thanks to the query initialization from the encoder
proposed in (Zhu et al. 2021), we obtain the predictions from
the encoder. Concretely, we add a linear layer on top of the
encoder to predict, utilizing each encoder feature as action
queries. This allows us to construct the IoU relation between
encoder features just as the IoU relation between decoder
queries. Accordingly, we devise the feedback objective for
the encoder to follow the IoU map.

Similar to Eq. 3 in the decoder SA, we denote the IoU
matrix P5, € RN *N4 from the predictions of the encoder
features, where N; is the number of the encoder features.
After normalizing Pp,, by a softmax function, the feedback
objective with predictions for encoder SA is defined as

Lsp = Drr(AC || Pog)- (6)

On the other hand, the CA map contains not only the
query relation but also the relation of the encoder features.
As such, we extend the prediction-feedback for the CA as
described in Eq. 4. Specifically, the feature relation A, ;- is



extracted from the CA by a matrix multiplication, similarly
to A¢ - Here, A represents the similarities between en-
coder Qfgeatures to which similar groups of decoder queries
attend. To conclude, £, defined in Eq. 4 is strengthened to

Léa = Drr(Ahg || Po) + Drn(Akk 1| Pog)- (1)

Discussion. During the initial training phases, the model
generates undertrained predictions. One might be concerned
that the early feedback harms the learning of the model.
However, in the initial iterations, the objective of TAD is
primarily optimized over the feedback, ensuring that under-
trained feedback does not disrupt the training. Additionally,
note that the guidance derived from predictions does not
constitute the optimal relation for attention. The feedback
acts as a regularizer, helping the attention maps stay close to
the predictions and maintain their balance with the main ob-
jective. Meanwhile, when the prediction-feedback relieves
the collapse, the soundness of the CA is restored. This brings
about the restoration of the full functionality of the previous
work, Self-DETR. Experimental results demonstrate that the
recovered CA remarkably boosts its performance.

Objectives

DETR. Let us denote the ground-truths, and the M predic-

tions as y, § = y};f\il, respectively. For the bipartite match-

ing between the ground-truth and prediction sets, the opti-

mal matching is defined to search for the permutation of M
elements j € Jj, with the minimal cost as below:

M

= arg min
’ J% JIm Z

Ematch(yia :gj(z))a (8)
K2

where Lmatch(yi,gj @) is a pair-wise matching cost between y;
and the prediction with the index from j(4), which produces
the index ¢ from the permutation j.

Next, we denote each ground-truth action as y; = (¢4, t;),
where c; is the target class label with the background cate-
gory () and t; is the time intervals of the start and end times.
For the prediction with the index j(i), we define the prob-
ability of the class ¢; as p;(;)(c;) and the predictions of the

time intervals as fj( i) Then Lawen (¥4, Uj(s)) is defined as be-
low:

Lunateh (Yi> (i) = —Le, 0 Dj(i)(€i) + Loy 20 Lreg(tis tja))s
where Ly (s, fj(,;)) is the regression loss between the
ground-truth ¢; and the prediction ¢ with the index j(7).
The regression loss Ly, consists of L1 and Interaction-over-
Union (IoU) losses as in the DETR-based methods. Finally,

we formulate the main objective as follows:
M

Loem(y,5) = Y[~ 108 P55y (¢:) + Le, 20 Lres (ti, T5))], 9

i=1

where 7 is the optimal assignment from Eq. 8.

Full Objectives. To summarize the objectives for our frame-
work, Pred-DETR, the full objective is can be described as
below:

L = Lotk + AaLés + MALIA + MNALEA, (10)

where A\§,, ¢, and \¢, are the weights for the prediction-
feedback losses for the encoder and decoder.
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Experiments
Datasets

In this paper, we utilize four challenging benchmarks of
temporal action detection: THUMOS14 (Jiang et al. 2014),
ActivityNet-v1.3 (Fabian Caba Heilbron and Niebles 2015),
HACS (Zhao et al. 2019) and FineAction (Liu et al. 2022c).
THUMOS14 has 200 and 213 videos for the training
and validation sets, respectively. The dataset has 20 ac-
tion classes related to sports. ActivityNet-v1.3 contains
19,994 videos with 200 action classes. 10024, 4926, and
5044 videos are for training, validation, and testing, re-
spectively. HACS contains 37613 and 5981 videos are for
training, validation, respectively, with 200 classes, shared
by ActivityNet-v1.3. FineAction contains daily events with
106 categories and 16732 videos. THUMOS14 and FineAc-
tion contain many short actions while a majority of videos
in ActivityNet-v1.3 and HACS have long actions.

Implementation Details

In this section, we briefly deliver the implementation details.
For the detailed description, we recommend to refer to the
supplementary materials.

Architecture. We utilize the features of I3D (Carreira and
Zisserman 2017) pre-trained on Kinetics (Kay et al. 2017)
for THUMOS14 and ActivityNet-v1.3. Also, we adopt
SlowFast (Feichtenhofer et al. 2019) and VideoMAEv2-
g (Wang et al. 2023) for HACS and FineAction, respectively.
We are based on a temporal version of DAB-DETR as in
Self-DETR. The number of layers of the encoder and de-
coder is 2, and 4, respectively. The number of the queries is
40. We set the weights \,, A\d, and , A&, of the losses of
the prediction-feedback for the encoder and decoder as 2.

Enhanced DAB-DETR for TAD. We also introduce ad-
vanced tricks on DAB-DETR including stable matching (Liu
et al. 2023), hybrid matching (Jia et al. 2023) and the two-
stage mechanism from Deformable-DETR. Stable match-
ing utilizes the IoU value between the prediction and the
ground-truth as the target value of the class probability. It
is closely related to the actionness regression in TadTR.
Note that we do not utilize the predictions from the en-
coder as the initial decoder queries. We found that sta-
ble matching remarkably improves the performance, aligned
with the results of TadTR. However, the two-stage mech-
anism slightly improves it because it is introduced for the
prediction-feedback. We also report a study for the benefits
from each component in the supplementary materials.

Main Results

Comparison with the State-of-the-Art. Table. 1 shows
the comparison results with the state-of-the-art methods on
THUMOS14 and ActivityNet-v1.3. Furthermore, Table. 2
and Table. 3 show the comparison results on HACS and
FineAction. Pred-DETR outperforms DETR-based methods
over various benchmarks. The first section denoted by ‘Stan-
dard Methods’ contains non-DETR approaches, and the sec-
ond one includes DETR-based models. Also, in the DETR-
based models, RTD-Net, Self-DETR, and ours are based on



Method THUMOS14 ActivityNet-v1.3

Feat.[ 0.3 04 05 0.6 0.7 [Avg. [[Feat.] 0.5 0.75 0.95 [ Avg.
Standard Methods
BMN (Lin et al. 2019) TSN | 56.0 47.4 38.8 29.7 20.5|38.5||TSN|50.07 34.78 8.29 | 33.85
G-TAD (Xu et al. 2020) TSN | 54.5 47.6 40.2 30.8 23.4|39.3||TSN|50.36 34.60 9.02 | 34.09
AFSD (Lin et al. 2021) I3D | 67.3 62.4 55.5 43.7 31.1|52.0| I3D | 52.40 35.30 6.50 | 34.40
TAGS (Nag et al. 2022) I3D | 68.6 63.8 57.0 46.3 31.8|52.8 || I3D | 56.30 36.80 9.60 | 36.50
ActionFormer (Zhang, Wu, and Li 2022)|| I3D | 82.1 77.8 71.0 59.4 43.9|66.8 || I3D | 563.50 36.20 8.20 | 35.60
TriDet (Shi et al. 2023) I3D [ 83.6 80.1 72.9 62.4 47.469.3|| TSP | 54.70 38.00 8&8.40 | 36.80
DyFaDet (Yang et al. 2024) I3D [84.0 80.1 72.7 61.1 47.9/69.2 || TSP |58.10 39.60 &.40 |38.50*
DETR-based Methods
RTD-Net (Tan et al. 2021) I3D [ 68.3 62.3 51.9 38.8 23.7[49.0 || I3D | 47.21 30.68 &.61 | 30.83
TadTR (Liu et al. 2022b) I3D | 74.8 69.1 60.1 46.6 32.8|56.7 | I3D | 52.83 37.05 10.83| 36.11
ReAct (Shi et al. 2022) TSN | 69.2 65.0 57.1 47.8 35.6|55.0 || TSN|49.60 33.00 8&8.60 | 32.60
Self-DETR (Kim, Lee, and Heo 2023) I3D | 74.6 69.5 60.0 47.6 31.8|56.7 || I3D | 52.25 33.67 &.40 | 33.76
Pred-DETR (Ours) I3D [80.0 73.5 64.6 52.3 37.6|61.6 || I3D | 54.17 36.43 9.53 | 36.00
Pred-DETR (Ours) VM2 |84.1 80.0 72.2 60.4 45.8|68.5|| I3D |58.38 39.14 9.92 |38.62*

Table 1: The comparison results with the state-of-the-art on THUMOS14 and ActivityNet-v1.3. ‘Feat.” indicates the back-
bone features including I3D, TSN, TSP (R(2+1)D) and VM2. ‘*” means using UniFormer-v2 classification on ActivityNet-v1.3.

Method [Feat.]l 0.5 0.75 0.95]Avg.
Standard Methods

G-TAD (Xu et al. 2020) 13D |[41.1 27.6 88.3|27.5
BMN (Lin et al. 2019) SF [|52.5 36.4 10.4|35.8
TCANet (Qing et al. 2021) SF [|54.1 37.2 11.3|36.8
TriDet (Shi et al. 2023) SF [|56.7 39.311.7|38.6
DETR-based Methods

TadTR (Liu et al. 2022b) I3D (|47.1 32.1 10.9|32.1
Self-DETRT (Kim et al. 2023)| 13D |{49.9 31.1 9.3 |31.8
Pred-DETR (Ours) I3D ||51.5 32.7 10.2|33.3
Pred-DETR (Ours) SF [|56.5 36.812.1(37.4

Table 2: The comparison results on the HACS dataset. ‘{’
indicates our reproduced version.

standard attention. Also, TadTR and ReAct are based on de-
formable attention. We also indicate the backbone features
by ‘Feats’. Most approaches utilize the TSN (Wang et al.
2016) or I3D features while some methods also adopt the
TSP (Alwassel, Giancola, and Ghanem 2021) features.

In the table, our model remarkably outperforms all
DETR-based models on all benchmarks. It demonstrates
that when the attention collapse is relieved, the original-
DETR architecture can be comparable or superior to the
Deformable-DETR architecture in TAD, aligned with the
observation in object detection (Lin et al. 2023). More in-
terestingly, Pred-DETR best performs on ActivityNet-v1.3
including the non-DETR methods. DETR-based methods
tend to produce better results on ActivityNet and HACS than
those on THUMOS14 and FineAction. This could be be-
cause ActivityNet and HACS mostly contain long actions
while THUMOS 14 and FineAction include many short in-
stances. Predicting short actions precisely requires high tem-
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Method [Feat.] 0.5 0.75 0.95]Avg.
Standard Methods

DBG (Lin et al. 2020) I3D |[10.7 6.4 2.5 6.8

BMN (Lin et al. 2019) 13D || 13.7 88 3.1 9.1

G-TAD (Xu et al. 2020) I3D || 144 89 3.1]9.3

ActionFormer (Zhang et al. 2022) | VM2{/29.1 17.7 5.1 |18.2
DETR-based Methods

TadTRT (Liu et al. 2022b) VM2 21.3 8.7 0.4]10.3
Self-DETR' (Kim et al. 2023) VM2({22.1 9.2 0.4|10.7
Pred-DETR (Ours) VM2|125.9 12.2 1.0 |13.4

Table 3: The comparison results on the FineAction
dataset. ‘7’ indicates our reproduced version.

poral resolution while DETR does not handle yet such a long
sequence due to the query-based architecture. Nevertheless,
recent DETR models including ours show superior perfor-
mances over the non-DETR models which handle short-
length sequences except for ActionFormer and TriDet.

Analysis

Diversity. To clearly validate the effect of the feedback for
the collapse, we measure the diversity of cross- and self-
attention maps according to (Dong, Cordonnier, and Loukas
2021; Kim, Lee, and Heo 2023). The diversity d(A) for the
attention map A is the measure of the closeness between the
attention map and a rank-1 matrix as below:

d(A) =||A—1a"| /||A]|, where a = argmin||A — 1a"" |,

where ||-|| denotes the ¢1,¢.,-composite matrix norm, a, a’
are column vectors of the attention map A, and 1 is an all-
ones vector. Note that the rank of 1a " is 1, and therefore, a
smaller value of d(A) means A is closer to a rank-1 matrix.



d(4)
0.8

d(4) d(4) w/o Ours —=w/ Ours

o -

1 2 L2 o3 o4 D0 2 s g
Enc. SA Layer Index Dec. SA Layer Index Dec. CA Layer Index

w/o Ours —=w/ Ours w/0 Ours —=w/ Ours

—

0.6 3
./‘—‘/ 2

0.2 1

0.6
0.4
0.4

0.2

Figure 4: Diversity of attention maps. Diversity for cross-
and self-attention for test samples of ActivityNet-v1.3.
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Figure 5: Attention maps. The figure shows self- and cross-
attention maps from a test sample in ActivityNet-v1.3.

Fig. 4 shows the diversity on each layer of the encoder and
decoder for the baseline DETR and Pred-DETR. The diver-
sity is measured on the test set on ActivityNet-v1.3 averaged
over all test samples. As the model depth gets deeper, the di-
versity of the baseline decreases close to 0. However, the di-
versity of Pred-DETR does not fall down and even increases.
From this, Pred-DETR effectively relieves the collapse.

Attention Maps. Fig. 5 shows the visualization of the self-
and cross-attention maps from the encoder and decoder. As
shown, the baseline DETR exhibits the attention collapse in
all attention modules. On the other hand, our model does not
suffer from the collapse and shows expressive attention.

Ablation on Prediction-Feedback. In order to validate the
benefits from each component in our framework, we con-
ducted the ablation study on the self-feedback objectives. In
Pred-DETR, we have three types of feedback for 1) decoder
cross-attention (E% A)> 2) decoder self-attention ([Z‘S1 ), and
3) encoder self-attention (£, ).

Table. 4 shows the ablation results. As shown, each type
of prediction-feedback clearly improves the performance.
Also, when we introduce all three kinds of prediction-
feedback, the benefits become the most. The prediction-
feedback for the cross-attention modules brings the most
performance gain as they are the central part of DETR.

Prediction-Feedback Targets. As for the targets for the
self-attention in feedback, we can also adopt the guidance
map from the cross-attention proposed in Self-DETR (Kim,
Lee, and Heo 2023). The upper of Table. 5 shows the re-
sults with Self-DETR. When we do not use the prediction-
feedback for the cross-attention, we can see that the the feed-
back from the predictions (denoted by ‘Pred Relation’ in
the table) show superior performance to that from the cross-
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THUMOS 14
03 05 0.7 Avg.

73.8 57.0 26.5|53.5
79.7 64.0 32.0|59.7
77.0 61.9 34.6|58.8
79.0 64.1 36.1|60.8
79.0 63.3 35.4|60.5
80.0 64.6 37.6|61.6

ActivityNet-v1.3
0.5 0.75 0.95] Avg.

52.65 33.79 8.93|34.14
56.91 36.27 9.59|36.67
54.60 34.65 9.25(35.11
57.59 38.64 9.81|38.14
57.63 37.88 9.46|37.65
58.38 39.14 9.92|38.62

d d
ﬁSA ECA

e
SA

v |-
v

AN

v |-
v |V

Table 4: Ablation on prediction-feedback. The ablation
study is conducted on THUMOS 14 and ActivityNet-v1.3.

Cross-Attn. [ Self-Attn.

- From CA
- Pred Relation

[ 05

56.14
97.63

0.75 0.95 | Avg.

36.10 9.12 | 36.18
37.88 9.46 |37.65

Pred Relation
Pred Relation

From CA
Pred Relation

57.80
58.38

38.57
39.14

10.16
9.92

38.32
38.62

Ground-Truth
Pred Intervals
Pred Relation

Pred Relation
Pred Relation
Pred Relation

53.41
53.41
58.38

33.76
34.33
39.14

8.96
8.93
9.92

34.12
34.62
38.62

Table 5: Prediction-feedback targets. We conduct the
study on the prediction-feedback targets for the cross- and
self-attention on ActivityNet-v1.3.

attention (From CA). Also, when Self-DETR is introduced
with our prediction-feedback for the cross-attention, the per-
formance gain becomes a way larger because the attention
collapse of the cross-attention is remarkably relieved.

In our prediction-feedback for cross-attention, we pro-
pose to utilize the indirect relation from the cross-attention.
One may think a direct solution as the objective where the
ground-truth or prediction intervals are matched to the cross-
attention map. However, we claim that this way significantly
harms the diversity of the representations for the CA mainly
because we do not exactly know where the cross-attention
should focus on. The bottom of Table. 5 shows the results
with three types of the targets on ActivityNet-v1.3. The tar-
gets from the intervals of the ground-truth or predictions
(‘Ground-Truth’ and ‘Prediction Intervals’, respectively) de-
grade the performance as expected. However, the indirect
way with the relation of the predictions (Prediction Rela-
tion) remarkably improves the performance.

Conclusion

In this paper, we discovered the attention collapse in the
cross-attention of DETR for TAD. We found that the model
exhibits a clearly different pattern from the predictions,
which is a short-cut phenomenon from the collapse. To this
end, we proposed Prediction-Feedback DETR (Pred-DETR)
to align the attention with the predictions. By providing an
auxiliary objective with the guidance from the predictions,
the prediction-feedback remarkably relieved the degree of
the collapse. Our extensive experiments demonstrated that
Pred-DETR recovered the diversity of the attention with the
state-of-the-art performance over DETR models on THU-
MOS14, ActivityNet-v1.3, HACS, and FineAction.
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