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Abstract

Concept Bottleneck Models (CBMs) enable interpretable im-
age classification by structuring predictions around human-
understandable concepts, but extending this paradigm to
video remains challenging due to the difficulty of extracting
concepts and modeling them over time. In this paper, we
introduce MoTIF (Moving Temporal Interpretable Frame-
work), a transformer-based concept architecture that op-
erates on sequences of temporally grounded concept acti-
vations, by employing per-concept temporal self-attention
to model when individual concepts recur and how their
temporal patterns contribute to predictions. Central to the
framework is an agentic concept discovery module that au-
tomatically extracts object- and action-centric textual con-
cepts from videos, and across multiple video benchmarks this
combination narrows the performance gap between inter-
pretable and black-box video models on temporally demand-
ing datasets while maintaining faithful concept explanations.

1. Introduction

Modern deep learning models already achieve outstanding
results in video understanding tasks such as video classifica-
tion, action recognition, and event detection [, 14]. Despite
their success, these models are commonly perceived as black
boxes since their internal workings are not interpretable in
a way that reveals their decision-making process [8, 16].
Concept Bottleneck Models (CBMs) [9] address this issue
by enforcing an intermediate bottleneck layer of human-
understandable concepts, which are then used by a linear
classifier to generate the final prediction.

While CBMs have been extensively studied in the image
domain [18, 21, 23, 28], their extension to video remains
largely unexplored [7, 12]. Videos differ from images in
that they contain a temporal component: concepts evolve
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Figure 1. MoTIF. Overview: agentic concept discovery produces
temporally grounded concept activations; diagonal temporal atten-
tion models per-concept dynamics and supports global, local, and
temporal explanations.

over time, and many actions cannot be inferred from a single

frame [3, 12]. While transformers [24] capture long-range

dependencies [1], dense temporal feature mixing obscures
concept-level attributions [6, 16], motivating architectures
that preserve concept interpretability over time.

In this work, we introduce MoTIF (Moving Temporal
Interpretable Framework), a concept bottleneck model tai-
lored for video classification. MoTIF builds on transformer-
inspired blocks and introduces per-channel temporal self-
attention (diagonal attention) to isolate temporal reasoning
for each concept, paired with an agentic concept discovery
pipeline that automatically extracts object- and action-centric
textual concepts from video frames (Figs. 1 and 2).

Our key contributions are:

* MoTIF, a video CBM with per-concept temporal self-
attention that preserves concept independence while mod-
eling temporal dynamics.

* An agentic, unsupervised concept discovery pipeline
that extracts object and action concepts directly from video
windows.

* Three complementary explanation modes: (i) global
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Figure 2. MoTIF. The framework takes videos as input and produces local concept explanations for local windows, global explanations for
entire videos, and temporal dependency maps from the attention heads of the transformer module. Model represents MoTIF (ViT-L14) and

sample frames are from HMDBS51 [10], licensed under CC BY 4.0.

concept relevance via log-sum-exp pooling, (ii) localized
temporal explanations from windowed concept attribu-
tions, and (7ii) temporal dependency maps from the per-
concept attention weights.

2. Method

MOoTTF is an interpretable concept bottleneck model for
video classification. Each video is represented as a sequence
of concept activations X € RT*C where T denotes tem-
poral windows and C' semantic concepts. The framework
preserves attribution by modeling temporal dependencies
independently per concept using diagonal self-attention. Re-
fined concept activations are classified per time step and
aggregated with log-sum-exp (LSE) pooling to obtain the
video-level prediction and temporal importance profile.

2.1. Agentic Concept Discovery

We convert the raw video into structured, semantically in-
terpretable concept activations. Given a video, we partition
it into 7" temporal windows {wy,}7_,, enabling localized
concept detection and explicit temporal structure.

Concept proposal and bank construction. Each win-
dow is processed by a vision—language agent that generates
textual concept candidates describing objects and actions
present in the scene. All discovered concepts are merged into
a global concept bank C. To ensure semantic diversity, con-
cepts are embedded using the same vision—language model
and filtered by cosine similarity to remove near-duplicates.

Concept grounding. For each window, a visual em-
bedding is extracted by a Clip-based method [4, 19], and
matched against all concept embeddings using cosine simi-
larity. This yields a concept activation matrix

X(’n) 6 RTnXC’

where each entry measures the presence of concept ¢ in
window t¢. Each channel therefore corresponds to one inter-
pretable concept with a temporal activation profile, forming
the input to the MoTIF bottleneck.

2.2. Transformer Bottleneck Model

MoTIF models temporal dependencies directly in concept
space while preserving attribution.

Diagonal temporal self-attention. Standard transform-
ers mix information across channels, which would obscure
concept attribution. Instead, MoTIF applies self-attention
independently to each concept channel, using depthwise 1x 1
convolutions to compute the query, key, and value projec-
tions. For each concept ¢ € C, attention is computed only
across time:

T
Xt(’lc‘) = Z Wc,t,uVu,cy
u=1

where weights W, ,, determine how strongly concept ac-
tivations at different time steps influence each other. This
allows the model to capture temporal motifs such as recurring
or causally related concept occurrences, while preventing
cross-concept mixing.

Equation | shows the difference between full and di-
agonal attention: each channel learns to construct its own
temporal filter by weighting past activations differently at
each step (diagonal). Unlike fixed convolutional kernels,
the attention weights adapt to the input sequence, yet the
restriction to depthwise (per-concept) projections guarantees
that evidence for one concept does not leak into another.

(c1— cc)

|;(Cl_> c1) - ‘| |ﬁm-> c1) ‘|
(cc—> c1) (cc— cc) . (cc— co) S

Full attention

Diagonal attention

The block concludes with per-channel normalization and
a lightweight feed-forward network (two depthwise 1x1
convolutions with GELU and dropout). Diagonal attention
reduces the channel-mixing cost from O(C?T) to O(CT),
but it requires computing a full 7" x T attention map for every
channel, yielding O(CT?). The MoTIF transformer bottle-
neck can also be extended to a space-time transformer archi-
tecture (MoTIF-ST), as detailed in Appendix A.4, demon-
strating that MoTIF is not restricted to a single transformer
design.



Per-Concept Affine Transformation. Each refined ac-
(L)

t,c

able concept-specific parameters, X te =YeX t(lc') + 6., and

tivation X, .’ is optionally scaled and shifted with learn-

passed through Softplus, Z, . = Softplus(f(t,c), to obtain
nonnegative, fully differentiable concept activations without
dead units. The per-concept scale v, and bias d. adapt to
differing activation magnitudes and thresholds.

Classification Head. From these activations, per-time-
step logits are computed as ¢, = Wi Z, . 4+ b with W, €
RE*C where K denotes the number of target classes and
C the number of concepts. Since videos vary in length, we
apply log-sum-exp (LSE) pooling across time [26], which
smoothly interpolates between mean-pooling(7 — 0) and
max-pooling (7 — 00):

T T
¢= %1og Z mee”t, i = % log them, 2)
t=1 t=1

where m; € 0,1 are masks for padded windows. We denote
the pooled concept vector by ¢ and the pooled logits by £.
The pooled logits ¢ form the video-level prediction.

Training objective. The model is trained with class-
weighted cross-entropy on l, complemented with two regu-
larizers: an /7 penalty on WV to encourage sparsity, and an
activation sparsity penalty on Z:

L= CE(l,y) + Ao, [|[Will1
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2.3. Explanation

MOoTIF decomposes predictions into concept- and time-
resolved contributions. For class k, per-time-step contribu-

tions are cgk) = Z,.Wi_., with score sgk) = ZCCZI c,(f,kc) + b,
and temporal importance weights follow naturally from LSE
pooling:
k

exp(s;” /7)

T k :
s exp(si /7)
This yields three complementary explanation views: global
concept importance, decisive local concepts, and temporal
dependencies via per-concept attention, exposing both which
concepts mattered and when.

"

3. Experiments

3.1. Experimental Setup

Datasets. We evaluate on Breakfast Actions [11], HMDBS51
[10], UCF101 [22], and SSv2 [5, 15]. They cover short
vs. long clips, local vs. global temporal dependencies, and
varying abstraction and viewpoint diversity.

Table 1. Performance comparison (% Top-1 accuracy). Mean
= standard deviation across train-test splits on Breakfast Actions,
HMDB51, UCF101, and SSv2 with agentic concept discovery.

Method Breakfast HMDBS51 UCF101 SSv2
. CLIP-ViT-L/14 [19] 31.1+£47 457401 706+05 09
[\S] 3 PE-L/14 [2] 414470 567+06 746+09 22
PE-G/14 [2] 474454 607+10 746+09 22
is CLIP-ViT-L/14 [19] 57.04£80 71.0+1.1 934+07 220
35 PE-L/14 [2] 724483 764+08 963+0.1 313
S PE-G/14 [2] 75.8+7.1 77.8+08 97.5+04 336
- MOoTIF (ViT-L/14) 71.04£62 76.1+£05 948+05 258
§ MOoTIF-ST (ViT-L/14) 726465 75.8+06 948+04 277
< MOoTIF (PE-L/14) 832+62 81.8+06 97.0+03 373
= MOoTIF-ST (PE-L/14) 854+63 808+10 972+02 396
S MOoTIF (PE-G/14) 87.5+49 83.0+06 98.0+02 404
MoTIE-ST (PE-G/14) 873+7.1 82.1+1.0 984403 41.9
&, TSM[I3] 59.1 73.5 95.9 61.7
38 No frame left behind [14] 62.0 73.4 96.4 62.7
[ VideoMAE V2 [25] - 88.1 99.6 76.8

Backbones. We use CLIP-based encoders with different
capacity and temporal adaptation: CLIP (RN/50, ViT-B/32,
ViT-L/14) [19], SigLIP [29], and Perception Encoder (PE)
[2]. SigLIP replaces CLIP’s contrastive softmax with a pair-
wise sigmoid loss, improving scalability. PE is trained on
video—text pairs and aggregates frame-level information. We
use SigLIP ViT-L/14 and PE ViT-L/14 and ViT-G/14.

Concept discovery. For the main results (Table 1), we
use Qwen-3 30B [27] to generate dataset-specific concept
banks, prompting with up to five training videos per class and
extracting concepts on the training split only to avoid leak-
age. For ablations, we follow Yang et al. [28] and construct
smaller concept sets using an LLM (GPT-5) [17]. Concept
vocabularies are reported in Appendix E.

Baselines. Following [18, 20], we compare to zero-shot
and linear-probe baselines. Zero-shot is computed at the
window level with majority voting to match MoTIF’s tempo-
ral granularity. As a supervised baseline (Global CBM), we
train a linear classifier on mean-pooled window embeddings,
i.e., a global bottleneck without temporal localization.

3.2. Experimental Results

3.2.1. Performance Evaluation

Table | reports Top-1 accuracy for MoTIF across backbones
and datasets (hyperparameters in Appendix A.l; splits in
Appendix C.1). Global CBM consistently improves over
zero-shot, and MoTIF improves over both, with gains in-
creasing with backbone capacity—suggesting that a tempo-
ral concept bottleneck can retain (and sometimes improve)
accuracy while adding interpretability.

Both transformer variants perform well; the space—time
variant (MoTIF-ST) [1] is consistently stronger on SSv2. PE
backbones outperform CLIP variants at comparable scale.
SSv2 remains the hardest benchmark due to abstract, rela-
tional classes. On Breakfast, MoTIF improves over Global
CBM; on HMDB51, UCF101, and SSv2 gains are smaller,
likely because many clips are short and mean pooling is



often sufficient—especially with PE embeddings. A gap to
black-box baselines (TSM [13], NoFrameLeftBehind [14],
VideoMAE V2 [25]) remains, particularly on SSv2; neverthe-
less, MOTIF surpasses two reported baselines on Breakfast.
The largest SSv2 improvements stem from agentic concept
discovery (Table 9).

3.2.2. Ablations

We ablate key design choices in MoTIF. Unless noted, Break-
fast and HMDBS51 use CLIP ViT-B/32 and RN/50 (Ap-
pendix A.1), covering transformer- and CNN-based encoders
and complementary dataset characteristics (scale, variability,
granularity). Additional ablations are in Appendix C.

3 train test

HMDB — B/32 HMDB — RN/50 Breakfast — B/32 Breakfast — RN/50
0] —e— —— e

] .

Accuracy (%)

. .

Off on off on off on Off on

Figure 3. Full vs. diagonal attention. Train/test accuracy with and
without diagonal attention over five seeds.

Attention variant (full vs. diagonal). We compare Mo-
TIF’s diagonal attention to full multi-head attention (Fig-
ure 3), isolating the effect of cross-concept interactions.
Full attention can recover accuracy on demanding datasets,
whereas diagonal attention preserves faithful concept attri-
bution; on SSv2, full attention yields up to 10.1% higher
test accuracy, but with degradation in explanation quality as
discussed in Section B.2.

Temporal sensitivity and dynamic concepts. To test
whether MoTIF captures temporal order rather than default-
ing to order-invariant reasoning [1], we construct a syn-
thetic benchmark (1,989 sequences, matching Breakfast
training size) where labels depend solely on frame order
(Appendix B.4). MoTTIF achieves 86.97% accuracy, drop-
ping to 21.06% under random shuffling (chance ~20%),
a 4.1x gap, while the Global CBM reaches only 35.5%,
confirming that temporal modeling is essential when order
defines the class.

Table 2. Temporal sensitivity and bottleneck comparison (PE-
L/14). Shuffling randomly permutes windows at test time; synthetic
has five temporal classes.

Setting Basic Shuffled
Synthetic (MoTIF) 86.97 21.06

Synthetic (Global CBM) 355 355

Breakfast (MoTIF) 87.3 85.2-86.6
HMDB51 (MoTIF) 79.9 77.1-78.5
UCF101 (MoTIF) 94.7 94.5-94.6
SSv2 (MoTIF) 30.0 26.9-27.4

Second, applying the same shuffling intervention to real
datasets (Table 2) shows the largest degradation on SSv2,

which also benefits most from agent-generated temporal
concepts, indicating that temporal reasoning is decisive when
relevant dynamics are captured.

3.2.3. Concept Interventions

To illustrate concept-level control, we revisit Figure 2. Ab-
lating the most influential concept bow (zeroing its chan-
nel) flips the prediction from the correct class to run (logit
8.20—6.79), while removing windows 14, where the bow
is handled, shifts the output to talk (logit 6.75). We further
evaluate (i) top-k concept removal, (ii) random removal, and
(iii) random noise insertion (¢ ~ N(0,02), 0=0.5). As
shown in Table 3, accuracy drops sharply only when remov-
ing the most influential concepts, whereas random removal
or noise has minor effects, indicating that MoTTIF relies on a
small, semantically meaningful concept subset and remains
robust to perturbations'.

Table 3. Concept interventions. Accuracy after removing or
perturbing k concept channels (RN/50).

Dataset k  Top-k Removal  Random Removal  Random Insertion
0 1.000 1.000 1.000
) 1 0496 0.989 0979
Breakfast 2 0229 0972 0947
3 0.085 0951 0951
4 0028 0923 0908
0 1.000 1.000 1.000
1 0.603 0974 0978
HMDBSL 5 0374 0.963 0.961
3 0238 0.949 0945
4 0.142 0.935 0921

4. Discussion and Conclusion

MOTIF introduces a transformer-based concept bottleneck
architecture for video that performs temporal reasoning di-
rectly on sequences of interpretable concept activations. Its
key innovation is diagonal temporal attention, which models
when concepts occur while preventing cross-concept mixing
and preserving faithful attribution. Across datasets, MoTIF
consistently outperforms zero-shot and global bottleneck
baselines, demonstrating that temporal transformer model-
ing and interpretability can be achieved jointly.

Performance depends strongly on concept quality.
Agentic concept discovery substantially improves accu-
racy—especially on temporally demanding datasets such
as SSv2—by providing concepts that capture temporal struc-
ture. Architecture and concept discovery are thus comple-
mentary: MoTIF enables temporal reasoning, while high-
quality concepts unlock its full potential.

The framework is modular and compatible with modern
embedding backbones (CLIP, SigLIP, PE) and space—time
extensions (MoTIF-ST). It further provides global, local, and
temporal explanation views, exposing both which concepts
matter and when, and enabling targeted interventions.

k=0 corresponds to perfect accuracy since values are normalized to
MOoTIF’s baseline predictions.



A clear accuracy—interpretability trade-off emerges:
cross-concept attention improves accuracy, whereas diag-
onal attention preserves attribution fidelity. Overall, Mo-
TIF establishes a strong and scalable foundation for inter-
pretable temporal reasoning in video, combining compet-
itive performance with transparent, concept-level explana-
tions.
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