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Abstract

Current Zero-Shot Temporal Action Localization (ZSTAL)
methods, whether training-based or training-free ones, still
predominantly rely on a single, unified query to localize an
entire action. This unified representation is fundamentally ill-
suited for complex real-world activities, as it fails to capture
their internal compositional structure and adapt to dynamic,
multi-stage variations across videos. To address this, we re-
gard ZSTAL as a compositional reasoning task and intro-
duce CASCADE, a Context-Aware Staged Action DEcom-
position framework. Inspired by the human cognitive process
of perceiving context, decomposing events, and reconstruct-
ing instances, CASCADE follows a training-free pipeline. It
first perceives the video’s context by leveraging a Multimodal
Large Language Model (MLLM) to both filter out irrelevant
actions and then generate a rich, video-specific caption for
each action present in the video. An LLM then decomposes
this caption into multiple, temporally ordered stages, which
serve as fine-grained queries to guide the MLLM in estimat-
ing frame-level confidence scores. Recognizing that this de-
composition can fragment a single action, a novel hierarchical
merging logic then reconstructs complete instances by intel-
ligently fusing these preliminary temporal segments based on
their semantic progression and coherence. Extensive experi-
ments and ablation studies on THUMOS14 and ActivityNet-
1.3 show that CASCADE not only sets a new state-of-the-
art among training-free methods but, most notably, signif-
icantly outperforms all prior training-based approaches on
ActivityNet-1.3.

Introduction
The increasing prevalence of surveillance devices in do-
mains like public security and sports analytics has driven
the demand for advanced video understanding techniques.
A key task in this area is Temporal Action Localization
(TAL) (Ju et al. 2022; Nag et al. 2022b; Phan et al. 2024),
which aims to identify the specific category and the pre-
cise temporal boundaries of actions in untrimmed videos.
Despite its potential, current TAL methods (Shao et al.
2023; Shi et al. 2023a,b; Zhang et al. 2022; Zhao et al.
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Figure 1: Illustration of a complex action “Baking cookies”,
which involves multiple stages (e.g., cutting chocolate, mix-
ing, baking). Our stage-aware localization process clearly
outperforms the single query result.

2017) mainly follows the supervised or weakly-supervised
paradigms, which face two critical limitations. First, cre-
ating either fine-grained, frame-level boundaries or coarse,
video-level labels is notoriously labor-intensive and time-
consuming. Second, these methods learn features overly
specific to their training data, causing them to fail on out-
of-distribution (OOD) or "in-the-wild" videos and thus lim-
iting their real-world utility. To this end, the community
has shifted towards Zero-Shot Temporal Action Localiza-
tion (ZSTAL) (Bosetti et al. 2024; Ju et al. 2022), a new
paradigm where test-time action categories are entirely un-
seen during training. Based on the impressive performance
of MLLMs on visual understanding and reasoning (Maaz
et al. 2023; Lin et al. 2023; Zhan et al. 2025), current ZSTAL
methods, whether training-based (Ju et al. 2022) or training-
free (Han et al. 2025; Aklilu, Wang, and Yeung-Levy 2024),
predominantly treat actions as unified, indivisible events.
They typically rely on static textual queries—such as a
prompt with class label (e.g., a video of “[action]”) or a gen-
eral, one-paragraph description—to score frame-level rele-
vance. This unified, indivisible representation creates two
critical problems. 1) Failure to Model Action Structure.
As shown in Figure 1, this strategy treats a complex ac-
tion “baking cookies” as a single event, ignoring the cru-
cial sequence and varying importance of its internal stages
for action localization (e.g., ‘cutting chocolate’, ‘mixing in-
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gredients’, ‘baking’). 2) Lack of Adaptability to Cross-
Scene Dynamics. A same action may appear with differ-
ent stages or durations across different videos. For example,
in another video, ‘cutting chocolate’ stage may be omitted,
or stages like “Preparing Ingredients” and “Melting Choco-
late” may be included. All these dynamic changes make
a static query brittle and unreliable. How to address these
problems? In this paper, we argue that the key to robust
ZSTAL lies in abandoning unified and static queries. In-
stead, we embrace a compositional reasoning approach, in-
spired by how humans comprehend complex events by per-
ceiving the global context, decomposing the event into
multiple stages, and finally reconstructing the action in-
stances. Based on this philosophy, we propose a Context-
Aware Staged Action DEcomposition model, CASCADE,
for ZSTAL. Instead of treating an action as an indivisi-
ble unit, CASCADE begins with a broad perception of the
global context, leveraging an MLLM to filter the set of rel-
evant actions. Transitioning from this coarse-grained per-
ception to a finer understanding, the stage-aware decom-
position is then initiated. This module begins with a cru-
cial perceptual step: generating a rich, video-specific cap-
tion that details the action’s unique dynamics in the video.
This caption provides the necessary foundation for the sub-
sequent parsing into a structured sequence of key and non-
key stages. Subsequently, CASCADE grounds each stage
via stage-wise confidence estimation. Finally, to reconstruct
complete action instances for action localization, our CAS-
CADE presents a hierarchical merging logic to intelligently
fuse the localized stage segments, which respects both the
semantic progression and temporal coherence of stages. This
entire pipeline is training-free, operating solely with off-the-
shelf models. Our main contributions are summarized as fol-
lows:

• We propose CASCADE, a new training-free paradigm
for ZSTAL that shifts from unified query matching to
compositional action reasoning, effectively harnessing
modern MLLMs to parse and merge complex actions.

• We design two core components in our pipeline: a stage-
aware decomposition module to parse action structure
into stages, and a compositional action reconstruction
module that fuses stage segments into coherent action in-
stances with a novel hierarchical merging logic.

• We demonstrate that CASCADE sets a new state-of-the-
art among training-free methods on THUMOS14 and
ActivityNet-1.3. Most notably, on ActivityNet-1.3, our
training-free approach significantly outperforms all prior
training-based ZSTAL methods.

Related Work
Temporal Action Localization
Temporal action localization aims to localize and classify
action instances within a video. Existing TAL methods
mainly follow the supervised (frame-level annotations) or
weakly supervised settings (video-level annotations). The
methods under these two settings can be broadly classi-
fied into three categories: 1) Two-stage methods (Ju et al.

2022; Qing et al. 2021; Xia et al. 2022; Zhao, Thabet, and
Ghanem 2021; Zhao, Wang, and Zhao 2023) first generate
class-agnostic action proposals and then classify each pro-
posal into an action category. 2) One-stage methods (Liu
et al. 2024c; Nag et al. 2022a; Shao et al. 2023; Shi et al.
2023a; Zhang, Wu, and Li 2022) perform the action pro-
posal generation and classification in a unified, end-to-end
manner, with popular techniques like contrastive learning to
refine the representations of video snippets. 3) Query-based
methods (Aklilu, Wang, and Yeung-Levy 2024; Kim et al.
2024; Kim, Lee, and Heo 2023; Zhu et al. 2024) adopted
the DETR settings to employ a set of learnable queries to
interact with video features for the set prediction of actions.
Despite their great progress, the reliance of these methods on
a closed-set assumption and substantial labeled data restricts
their adaptability in real-world scenarios.

Zero-shot Temporal Action Localization
To overcome the closed-set limitation, ZSTAL has been
introduced, which aims to localize actions from unseen
categories. The field is currently dominated by two main
branches: training-based and training-free. Training-based
ZSTAL methods adapt a model on a dataset of seen ac-
tion classes with the goal of generalizing to unseen ones.
These approaches often involve fine-tuning components of
a VLM to better align visual and textual representations for
TAL. For instance, some methods focus on designing effi-
cient tuning strategies like prompt learning (Ju et al. 2022),
while others work on decoupling the localization and clas-
sification tasks to improve both boundary precision and se-
mantic alignment (Li et al. 2024). While these methods have
achieved impressive results on benchmark datasets, their re-
liance on labeled data for seen classes makes them data-
dependent and vulnerable to performance degradation when
faced with great domain shifts. Training-free ZSTAL meth-
ods represent a more recent and flexible paradigm. With-
out any task-specific training, these methods often leverage
the rich knowledge of pre-trained VLMs for action infer-
ence (Han et al. 2025; Aklilu, Wang, and Yeung-Levy 2024).
The common blueprint for these methods involves the fol-
lowing steps: 1) computing frame-wise similarity scores be-
tween video features and text prompts describing target ac-
tions; 2) using thresholding or ranking mechanisms to ex-
tract the final action segments. Crucially, the reliance on
static queries to represent actions as unified entities pre-
vents these methods from robustly handling the composi-
tional structure and dynamic variations of real-world activi-
ties.

MLLMs for Video Understanding
Multimodal Large Language Models have recently driven
significant progress in video understanding, which have ex-
celled in high-level semantic tasks; for instance, models like
Video-ChatGPT (Maaz et al. 2023) and Video-LLaVA (Lin
et al. 2023) enable accurate video question answering, while
others (Li et al. 2023) generate coherent textual summaries
of complex events. In the context of temporal localization,
recent studies have demonstrated the potential of MLLMs to
ground events without task-specific training (Achiam et al.
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2023; Wang et al. 2022). Some approaches explicitly prompt
MLLMs with temporal tokens to directly predict action
boundaries (Chen et al. 2024; Wang et al. 2024; Wu et al.
2025). While promising, these methods tend to treat actions
as single, indivisible events, overlooking the complex, multi-
stage nature of real-world activities. This simplification lim-
its their ability to accurately locate actions with rich inter-
nal structure. Similar structured reasoning ideas also appear
in interest-aware message passing models(Liu et al. 2021),
which aim to enhance fine-grained representation learning.
In contrast, our framework leverages the reasoning capabil-
ities of MLLMs precisely to decompose actions into their
constituent stages, enabling a more granular and accurate lo-
calization process.

Our Proposed Framework
Preliminary
Given a video V ∈ R3×H×W×T , where T is the number of
frames, and a predefined action set A = {a1, a2, . . . , aN}
with N action classes, the goal of TAL is to localize all the
action instances Segj = (τ sj , τ

e
j , an), where τ sj and τej are

the start and end times (satisfying 1 ≤ τ sj ≤ τej ≤ T ) of
j-th instance, and an ∈ A is the corresponding action class.
Note that each video may contain multiple action instances
from different categories or repeated actions. The proposed
framework is illustrated in Figure 2.

Context-Guided Action Filtering
The first step of our framework is to find the set of actions
Â occurred in the video V from the predefined action set A.
Conventional ZS-TAL methods often tackle this by aligning
video features with textual action descriptions with a pre-
trained CLIP model. This approach, however, inevitably in-
troduces additional redundancy by requiring a large CLIP
in addition to the MLLM used for localization. Therefore,
our model instead directly prompts the MLLM, explicitly in-
structing it to recognize and output only the actions present
in the video. Formally, this process is defined as follows:

Â = MLLMdetect(V,A; τ) (1)

where τ is a threshold that filters out actions with lower con-
fidence. Subsequently, for each identified action â ∈ Â, our
framework proceeds to localize its precise temporal bound-
aries.

Stage-Aware Decomposition
Given an action â ∈ Â, a detailed description is needed to
guide its localization. A simple class label is often insuffi-
cient to describe the complex and varied manifestations of
an action in a video. While existing methods might use a
LLM to generate a generic text description from the action
label, these descriptions ignore crucial video-specific varia-
tions. For instance, a generic description for “playing bas-
ketball” is too broad to be effective, as it fails to distinguish
between a video depicting a slam dunk and another showing
a three-point shot. To address this, our method provides both
the video V and the action label â to the MLLM, prompt-
ing it to generate a context-specific description Capâ that

is grounded in the action’s specific occurrence in the video.
This process is expressed as:

Capâ = MLLMdesc(V, â) (2)

where desc denotes the prompt template designed to elicit
this detailed, context-specific description. However, while
this caption is context-aware, treats the action as a mono-
lithic block, which presents two limitations. First, it ob-
scures the action’s inherent temporal structure—the distinct
sequence of stages that define its progression. For instance,
“shooting a goal” is not a single event but a sequence of
’running’, ’swinging the leg’, and ’kicking the ball’. Second,
this approach fails to account for the varying importance
of these stages. The stage ’kicking the ball’ is a definitive
indicator of the action, making it a key stage. In contrast,
’running’ is ambiguous; it could be part of numerous other
activities and is only relevant when temporally connected
to the key shooting motion. To capture both this temporal
structure and stage importance simultaneously, our frame-
work employs the LLM to perform a stage-aware decompo-
sition of the caption Capâ. The LLM is prompted to jointly
output a sequence of annotated tuples, where each contains
both a sub-caption that describes the current action stage and
a stage indicator. This process is formalized as:

{(ki, si)}Mi=1 = LLM(Capâ) (3)

where ki denotes the stage indicator of the i-th sub-caption
si, and M is the number of stages. The indicator of all non-
key stages are assigned ki = 0, while for a key stage, we
assign a positive integer (ki > 0) that enumerates its tempo-
ral order relative to other key stages.

Stage-wise Confidence Estimation
In the next, our framework recognizes the segments of all
stages of the action â based on the sub-captions and cor-
responding stage indicators {(ki, si)}Mi=1. Inspired by prior
work (Aklilu, Wang, and Yeung-Levy 2024), we adopt a
confidence estimation approach that queries the MLLM to
assess whether each frame’s visual content aligns with the
sub-caption si of i-th stage. Specifically, for each frame Ft,
the MLLM generates binary logits for the i-th stage as fol-
lows:

lyt,i, l
n
t,i = MLLM(Ft, si, â) (4)

where lyt,i and lnt,i are the logits corresponding to the “yes”
and “no” tokens in the MLLM’s output vocabulary, respec-
tively. These values represent the model’s confidence for the
affirmative and negative assessment of whether the frame
belongs to the i-th stage. This formulation, which includes
the overall action â as context, encourages the MLLM to
ground its understanding of each stage in the correspond-
ing visual evidence, thereby precisely evaluating the stage-
specific visual context. Subsequently, these logits are nor-
malized to produce a soft confidence as:

pt,i = el
y
t,i/(el

y
t,i + el

n
t,i) (5)

where pt,i indicates the likelihood that frame Ft repre-
sents the i-th stage. To enhance computational efficiency,
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Figure 2: Overview of our framework. 1) Context-Guided Action Filtering: MLLM infers all potential action categories occurred
in a video. 2) Stage-Aware Decomposition: The video and inferred actions are used to generate a detailed caption, which is then
decomposed into sequential stages. 3) Stage-wise Confidence Estimation: MLLM computes frame-level confidence for each
stage. 4) Compositional Action Reconstruction: Confidence scores are aggregated into raw segments and then merged together
to obtain the final action instances.

it is impractical to query the MLLM sequentially for ev-
ery stage in every frame. Instead, we formulate a single
prompt to evaluate all M stages for a given frame concur-
rently, thereby obtaining the logits for all stages in a single
forward pass. Details of this batched prompt are in the Ap-
pendix. This process yields a set of stage-wise confidence
{pt,1, pt,2 . . . , pt,M} for each frame Ft. To derive a single,
representative label for the frame, we select the stage with
the maximum confidence. This process is defined as:

i∗ = arg max
i∈1,...,M

pt,i, (6)

pt = pt,i∗ , k̂t = ki∗ (7)

where pt represents the peak confidence value for the frame.
k̂t is the indicator of that winning stage, which provides the
semantic label of the stage that produced this peak score.
This detailed, frame-by-frame annotation is foundational for
constructing coherent action instances.

Compositional Action Reconstruction
In the next, our framework proceeds to reconstruct the fi-
nal action instances through a hierarchical merging pro-
cess. This process begins by identifying contiguous stages
of high-confidence frames, which are then merged together
based on the temporal consistency.

Contiguous Stages Localization Given the peak confi-
dence {p1, p2 . . . , pT } of all frames, we generate a set of raw
segments by aggregating contiguous frame sequences where
the confidence pt exceeds a predefined threshold θ. These
high-confidence segments are identified as foreground (part
of an action stage), which are then divided into two segment

sets based on their constituent frames’ stage indicators as
follows:

Skey =
{
(ts, te)

∣∣∣ ∀t ∈ [ts, te], pt > θ, k̂t > 0
}

(8)

Snon =
{
(ts, te)

∣∣∣ ∀t ∈ [ts, te], pt > θ, k̂t = 0
}

(9)

where the stage indicators k̂t of each frames in key seg-
ment set Skey and non-key segment set Snon are positive
or zero, respectively. After all key segments are obtained,
we must assign a stable, representative stage indicator to
each key segment, so that the final temporal merging of ac-
tion instances can be facilitated. For the o-th key segment
(tso, t

e
o) ∈ Skey , we determine its segment-level stage indi-

cator ksego by performing a majority vote over the stage indi-
cators of its constituent frames. This strategy ensures that the
segment’s label is robust to sporadic frame-level misclassifi-
cations. The segment-level stage indicator ksego is computed
as:

ksego = argmax
m

teo∑
t=tso

I(k̂t = m) (10)

where I(·) is the indicator function, which means that its
output equals 1 when k̂t = m, and 0 otherwise. At this
point, the video has been transformed from a sequence of
frame-level predictions into a collection of semantically la-
beled key segments and auxiliary non-key segments, paving
the way for the final sequential stage merging logic.

Sequential Stage Merging This section introduces the de-
tails of merging these segments into semantically and tem-
porally coherent action instances. The process unfolds in
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two phases: first, absorbing adjacent non-key segments, and
second, composing complete actions by merging key seg-
ments based on their logical stage progression. (1) Non-key
Segment Absorption: Non-key segments often represent
transitional or auxiliary phases that provide crucial context
to the main action. Therefore, we merge a non-key segment
into an adjacent key segment to form a more complete ini-
tial instance. For a non-key segment (tsb, t

e
b) ∈ Snon and

a key segment (tso, t
e
o) ∈ Skey , they are considered tempo-

rally adjacent if teb = tso or teo = tsb . If so, the two segments
are merged, and the non-key segment is absorbed. The new
merged key segment will be defined as:

(tso, t
e
o) = (min(tsb, t

s
o), max(teb, t

e
o)) (11)

The merged segment inherits the stage indicator ksego from
the original key segment. (2) Key Segment Merging: The
merging of key segment is governed by a principled merging
logic that respects both the semantic progression (stage or-
der) and temporal coherence of the action. Let (tso, t

e
o, k

seg
o )

and (tso+1, t
e
o+1, k

seg
o+1) be two temporally consecutive key

segments from Skey . We apply two merging rules: Case
1: Sequential Stage Indicators (SI) (ksego < ksego+1). The
strict increasing order of the stage indicators signifies a log-
ical progression between two distinct stages of the same ac-
tion instance. We merge them to reconstruct this semantic
flow, forming a longer, multi-stage key segment, which is
(tso, teo+1, k

seg
o+1). The merged segment adopts the indicator

of the latter stage, representing the action’s advancement.
Case 2: Identical Stage Indicators (II) (ksego = ksego+1).
The same stage indicator of two consecutive key segments
may suggest either 1) the start of a new action instances; or
2)a single continuous stage may have been fragmented by
prediction noise. To differ between them, we merge them if
they are sufficiently close in time. We measure this proxim-
ity using a temporal density ρt, defined as the ratio of the
segments’ combined duration to their total span:

ρt =
(teo − tso) + (teo+1 − tso+1)

teo+1 − tso
. (12)

If ρt exceeds a density threshold θt, the two segments are
considered part of the same action that should be merged as a
new key segment, which is (tso, t

e
o+1, k

seg
o ). This rule effec-

tively repairs fragmented detections of a single stage while
preserving its stage identity. This entire merging process is
performed iteratively until no more segments can be merged.
The final set of segments in Skey constitutes the complete,
localized action instances Segj = (τ sj , τ

e
j ) for action â.

Experiment
Datasets and Metrics
We evaluate our method on ActivityNet-1.3 (Heilbron et al.
2019) and THUMOS14 (Idrees et al. 2017). ActivityNet-
1.3 includes 200 action classes and 19,994 videos, with
10,024 for training, 4,926 for validation, and 5,044 for test-
ing. THUMOS14 contains 20 sports-related actions, com-
prising 200 training videos and 213 test videos. Following
the standard protocols (Ju et al. 2022; Liberatori et al. 2024;

Nag et al. 2022b) of ZSTAL, we adopt two data split set-
tings: 75%/25% and 50%/50%. These splits define the set
of unseen classes reserved exclusively for testing. Crucially,
as our method is training-free, it does not utilize the train-
ing set for any parameter updates. Our evaluation is per-
formed solely on the testing set containing these held-out
unseen classes. To ensure statistical robustness, we report
the average performance over 10 random data splits for each
setting. For performance evaluation, we report the standard
mean Average Precision (mAP). Following convention, we
calculate mAP at various temporal Intersection over Union
(tIoU) thresholds: {0.3, 0.4, 0.5, 0.6, 0.7} for THUMOS14
and {0.5, 0.75, 0.95} for ActivityNet-1.3.

Implementation Details
To comprehensively verify the performance, our framework
deploys two different pretrained models, Qwen-2.5-VL-
7B (Bai et al. 2025) and LLaVA-1.5-7B(Liu et al. 2024b),
as the backbone MLLM. Due to resource limitations, we
did not deploy larger-scale MLLMs. Even so, our frame-
work empowers these 7B models to yield excellent localiza-
tion results, underscoring the efficacy of our approach. Be-
sides, DeepSeek-V3 (Liu et al. 2024a) is adopted to process
video captions for stage-aware decomposition. θ and θt in
our CASCADE framework are all set to 0.9. More details of
prompts are in the Appendix. All experiments are conducted
on a 80GB NVIDIA A100 GPU.

Performance Comparison
Our framework is compared with several state-of-the-art
baselines, including training-based ZSTAL approaches (e.g.,
Eff-Prompt (Ju et al. 2022), STALE (Nag et al. 2022b), De-
TAL (Li et al. 2024)), and training-free methods approaches
(e.g., T3AL (Liberatori et al. 2024), FreeZAD (Han et al.
2025), ZEAL (Aklilu, Wang, and Yeung-Levy 2024)). As
illustrated in Table 1, results for training-based and training-
free methods are distinguished by white and gray back-
grounds, respectively, and the best results are highlighted
in bold. On THUMOS14 dataset, CASCADE consistently
outperforms all existing training-free baselines. Under the
75%/25% split, our CASCADE-LLaVA variant achieves
a mean Average Precision (mAP) of 13.7%, surpassing
the previous best training-free method, ZEAL, by a mar-
gin of 2.1%. In the more challenging 50%/50% split, our
CASCADE-LLaVA variant leads with 12.2% mAP, marking
a 1.5% improvement over the same baseline. These results
validate the robustness of CASCADE in accurately local-
izing unseen actions without relying on any domain-specific
training data. The superiority of our framework is even more
pronounced on the larger and more diverse ActivityNet-1.3
dataset. Remarkably, our training-free CASCADE surpasses
not only its direct competitors but also all training-based
ZSTAL methods that leverage supervision from seen cate-
gories. Under the 75%/25% split, CASCADE-LLaVA sets a
new SOTA with 32.6% mAP. This represents a substantial
absolute improvement of 14.3% over the best-performing
training-free method, FreeZAD, and a significant 7.0% gain
over the top-performing training-based method, DeTAL.

9408



Settings Methods Label
THUMOS14 ActivityNet-1.3

0.3 0.4 0.5 0.6 0.7 mAP 0.5 0.75 0.95 mAP
Fully supervised ActionFormer ✓ 82.1 77.8 71.0 59.4 43.9 66.8 53.5 36.2 8.2 35.6

Zero-shot

75% Seen

25% Unseen

Eff-Prompt ✓ 39.7 31.6 23.0 14.9 7.5 23.3 37.6 22.9 3.8 23.1
STALE ✓ 40.5 32.3 23.5 15.3 7.6 23.8 38.2 25.2 6.0 24.9
DeTAL ✓ 39.8 33.6 25.9 17.4 9.9 25.3 39.3 26.4 5.0 25.8
T3AL × 19.2 12.7 7.4 4.4 2.2 9.2 28.1 14.9 3.3 15.4
FreeZAD × 21.2 13.6 8.3 4.7 2.5 10.0 33.5 17.5 3.9 18.3
ZEAL × 22.1 16.1 11.0 5.7 3.0 11.6 - - - -
CASCADE-Qwen × 23.9 17.5 11.7 7.6 4.3 13.0 41.4 27.4 7.1 25.3
CASCADE-LLaVA × 23.8 17.9 14.0 7.6 5.1 13.7 52.7 36.7 8.3 32.6

Zero-shot

50% Seen

50% Unseen

Eff-Prompt ✓ 37.2 29.6 21.6 14.0 7.2 21.9 32.0 19.3 2.9 19.6
STALE ✓ 38.3 30.7 21.2 13.8 7.0 22.2 32.1 20.7 5.9 20.5
DeTAL ✓ 38.3 32.3 24.4 16.3 9.0 24.1 34.4 23.0 4.0 22.4
T3AL × 20.7 14.3 8.9 5.3 2.7 10.4 25.8 13.9 3.1 14.3
FreeZAD × 20.7 13.4 8.3 4.7 2.5 9.9 34.1 17.9 4.0 18.7
ZEAL × 21.1 15.0 9.9 5.0 2.6 10.7 - - - -
CASCADE-Qwen × 21.6 15.3 10.2 6.4 3.8 11.5 41.1 27.5 7.4 25.3
CASCADE-LLaVA × 22.4 16.1 11.8 6.5 4.2 12.2 52.1 36.5 8.4 32.3

Table 1: Performance Comparisons on THUMOS14 and ActivityNet-1.3. We also include a supervised method for reference.

Method mAP @ IoU mAP0.5 0.75 0.95
MLLMs with A 8.9 3.1 0.4 4.1
MLLMs with Â 9.2 3.4 0.5 4.4

MLLMs with Capâ 6.8 2.1 0.2 3.0
CASCADE-Qwen 41.4 27.4 7.1 25.3

Table 2: Ablations of MLLM performance with different in-
puts on ActivityNet-1.3.

The performance gap further widens in the 50%/50% set-
ting, where CASCADE-LLaVA achieves 32.3% mAP, out-
performing FreeZAD and DeTAL by 13.6% and 9.9%, re-
spectively. This outstanding performance, achieved without
any annotations, highlights the exceptional effectiveness and
generalization capability of our proposed design, establish-
ing a new benchmark for ZSTAL.

Ablation Studies
Impact of Different MLLM Input. As shown in Table 2,
we ablate the MLLM query formulation to validate our
stage-aware design. Using the full action set A or the fil-
tered list Â from Context-Guided Action Filtering as di-
rect queries yields poor performance (4.1% and 4.4% mAP
respectively), indicating simple labels are insufficient. No-
tably, using the video-specific caption Capâ from Stage-
aware Decomposition as a query further degrades perfor-
mance to 3.0% mAP. This confirms our hypothesis that a
monolithic description, despite its detail, is an ineffective
query as it obscures the action’s key stages. In stark contrast,

Identical
Indicator

Sequential
Indicator

mAP @ IoU mAP0.5 0.75 0.95
✓ ✓ 41.4 27.4 7.1 25.3
✓ × 31.6 20.2 5.3 19.0
× ✓ 21.6 10.5 2.7 11.6
× × 18.8 9.5 2.5 10.3

Table 3: Ablations of the Merging of Identical Stage Indica-
tor and Sequential Stage Indicator on ActivityNet-1.3.

our full CASCADE framework, by decomposing the ac-
tion into explicit stages, achieves a remarkable 25.3% mAP,
highlighting that our stage-aware decomposition and merg-
ing is critical for precise localization.

Impact of Key Segment Merging. As shown in Table 3,
under a merging threshold of θt = 0.9 with CASCADE-
Qwen, our full merging strategy achieves a 25.3% mAP.
We analyze the contribution of its two components: merging
segments with identical and sequential stage indicators. Dis-
abling sequential indicator merging reduces performance to
19.0% mAP, whereas disabling identical indicator merging
results in a sharper drop to 11.6%, only slightly above the
10.3% no-merge baseline. This confirms both rules are crit-
ical, but merging identical-stage fragments is more crucial,
as it first repairs prediction noise to create stable segments
before they can be linked in a logical sequence. Due to the
page limits, more ablation studies of merging strategies are
in Appendix.
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Figure 3: Visualization of “Baking cookies” of a video in ActivityNet-1.3. Si denotes the i-th stage, P is obtained by thresh-
olding with θ on the confidence of the four stages. P̂ denotes the final merged result. GT denotes the ground-truth.

(a) Impact of θ (b) Impact of θt

Figure 4: Analysis of θ and θt on ActivityNet-1.3.

Impact of θ and θt. We analyze the impact of the confi-
dence threshold θ in Figure 4a. At low values, θ causes a
significant drop in mAP, as excessive background and noisy
frames are erroneously included in the stage segments. As
θ increases, performance improves considerably, peaking at
θ=0.9. This effectiveness at a high threshold is due to the
MLLM’s confident predictions, where the output logits for
"yes" and "no" are highly polarized. Consequently, a strict
θ=0.9 serves as an effective noise filter while preserving the
majority of crucial, high-confidence frames, leading to the
best localization performance. For the density threshold θt
which governs the merging of same-stage segments, the re-
sults are presented in Figure 4b. The analysis confirms the
importance of our sequential stage merging rule (blue line),
which consistently outperforms the ablated version (orange
line). We also observe that performance is highest with a
moderately inclusive threshold and degrades as θt becomes
overly strict (e.g., 0.9), which can prevent the model from re-
pairing valid fragments. However, our experiments on THU-
MOS14 revealed that a stricter θt=0.9 achieved the best re-
sults. To maintain a single, robust hyperparameter across
both benchmarks, we selected θt =0.9 as our default. This

represents a trade-off, optimizing for peak performance on
THUMOS14 while retaining highly competitive results on
ActivityNet-1.3.

Qualitative Results.
Figure 3 visualizes our localization process for the "Bak-
ing cookies" action. Our framework first decomposes the
action into four semantic stages (S1:“Preparing Ingredi-
ents”, S2: “Mixing Ingredients”, S3: “Melting Chocolate”,
S4:“Baking”) and computes their frame-wise confidence
scores. While initial thresholding of these scores yields a set
of temporally disjoint raw proposals (P), our compositional
assembly logic successfully fuses these fragments. The re-
sulting merged instance (P̂ ) reconstructs the complete ac-
tion narrative by bridging the semantic gaps between stages,
leading to a final prediction that aligns remarkably well with
the ground truth (GT). More visualization results can be
found in Appendix.

Conclusion
In this paper, we proposed CASCADE, a novel training-free
framework that regards the temporal action localization as a
compositional reasoning task. By decomposing actions into
semantic stages and then merging them with a hierarchi-
cal merging logic, CASCADE not only establishes a new
state-of-the-art among training-free methods but, most no-
tably, surpasses all prior training-based competitors on the
challenging ActivityNet-1.3 dataset. This success highlights
a promising new direction where the explicit compositional
reasoning of large language models can serve as a powerful
alternative to traditional supervised feature learning. Ulti-
mately, our results demonstrate that abandoning unified rep-
resentations in favor of a granular, stage-aware analysis is a
more effective and generalizable strategy for complex tem-
poral action localization.
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