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Abstract

We propose the Temporal Merge Adapter (TM-Adapter),
a novel framework for image-to-video parameter-efficient
transfer learning (PETL), specifically designed for tempo-
ral representation learning in video understanding. PETL
has emerged as a practical strategy for adapting large-
scale vision models to video tasks under limited computa-
tional budgets. However, existing PETL approaches suffer
from local redundancy caused by highly similar consecu-
tive frames, which limits the modeling of diverse tempo-
ral dependencies. To address this limitation, we introduce
a lightweight merge-unmerge mechanism that temporally
aggregates and redistributes token embeddings, enabling
the model to capture diverse temporal patterns by mitigat-
ing redundancy. Furthermore, to effectively handle diverse
temporal dependencies across different time scales, TM-
Adapter introduces a single adapter module with two par-
allel branches, local and global adapters, each specialized
in capturing complementary patterns at different tempo-
ral ranges. We validate our approach through experiments
on Kinetics-400, Something-Something V2, and HMDB-51,
demonstrating competitive performance compared to exist-
ing methods while maintaining high parameter efficiency.

1. Introduction

Image models have become standard visual backbones for
video understanding tasks due to their strong spatial rep-
resentation capabilities [1, 5, 41, 44, 47, 63]. However,
applying these models to video tasks via full fine-tuning
is computationally expensive, mainly due to the high di-
mensionality of video data and the growing size of mod-
ern vision architectures [2, 17-19, 31, 52, 55, 56]. To ad-
dress this, partial fine-tuning strategies have been proposed,
where lightweight temporal modules — such as RNNs or
Transformers — are added on top of frozen image encoders
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Figure 1. Comparison of frame-wise predictions between ST-
Adapter (ST) [47], a representative image-to-video PETL method,
and our method (TM-Adapter, denoted as TM). While ST-Adapter
exhibits inconsistencies between individual frame predictions and
the final video-level classification, TM-Adapter produces more
consistent outputs across frames. Shown examples include (a) a
“Long jump” action from the Kinetics-400 dataset and (b) “Push-
ing something from left to right” from the Something-Something
V2 dataset [5, 20].

[19, 36, 38, 40, 65]. Although this reduces training cost, it
often leads to suboptimal performance due to disjoint learn-
ing of spatial and temporal features. Recently, parameter-
efficient transfer learning (PETL) has emerged as a more
integrated approach, inserting lightweight temporal compo-
nents directly into intermediate layers of frozen image mod-
els [27, 47, 50, 63, 64]. This design offers a better trade-
off between performance and efficiency, making image-to-
video adaptation more scalable and practical.

Although PETL methods have demonstrated strong per-
formance on various video task, they often exhibit a bias
toward local temporal information. For example, ST-
Adapter [47] produces inconsistent framewise predictions
even when trained on trimmed videos with a single la-
bel, suggesting dependence on short-term features rather
than modeling global temporal context. Specifically, in
the Kinetics-400 dataset [5], ST-Adapter misclassifies mul-
tiple frames in which the actor approaches the jump as
“Triple jump”, despite the ground truth label being “Long



Jjump”, as shown in Figure 1a. This indicates that the model
does not sufficiently capture long-range temporal depen-
dencies, which are essential for distinguishing actions that
are visually similar but semantically different. This lim-
itation becomes more challenging in temporally complex
datasets such as Something-Something V2 [20], where ac-
tion classes are defined by fine-grained temporal dynamics
rather than static visual features. As shown in Figure 1b,
ST-Adapter generates inconsistent frame-level predictions
within a single action instance, often jumping between se-
mantically unrelated labels like Putting. .., and Spilling. ..
even though the ground truth is “Pushing something from
left to right”. Such instability indicates that the model has
difficulty capturing coherent temporal patterns, which are
crucial for fine-grained temporal understanding.

To address these limitations, joint space—time attention
has been proposed [2, 32, 33], but its computational com-
plexity O((T - H - W)? - d) grows quadratically with
the number of frames 7", making it impractical for longer
videos. Alternatively, two-stream architectures have been
explored, in which separate streams are designed to operate
on distinct patch embeddings or model branches in paral-
lel [31, 48, 50, 64]. However, such designs introduce ad-
ditional complexity in both model structure and parameter
management. These challenges motivate two key questions:
(1) Why do PETL methods tend to focus on local temporal
information? (2) How can PETL models be designed to
capture both local and global temporal dependencies effi-
ciently?

In response to the first question, the bias toward local
temporal information can be attributed to both the inherent
characteristics of video data and the structural limitations
of PETL methods. Firstly, video sequences are densely
sampled and often exhibit minimal variation between ad-
jacent frames, resulting in high temporal redundancy. This
redundancy leads models to focus on short-term patterns,
rather than modeling broader temporal structure needed to
understand complex actions. From a modeling perspec-
tive, the limited trainable capacity of PETL methods in-
troduced to maintain parameter efficiency not only restricts
their ability to learn high-level temporal abstractions, but
also causes them to inherit the inductive bias of pre-trained
image backbones. Specifically, local temporal modeling is
conceptually similar to tracking the main object across ad-
jacent frames and follows a similar mechanism to how im-
age models represent spatial relationships within a static im-
age [4, 10]. Although recent PETL methods apply tempo-
ral modules in intermediate layers [24, 39, 47, 63], the de-
pendence on a single architectural form of adapter restricts
representational capacity, limiting the ability to overcome
biases from redundancy.

To overcome these challenges, we propose the Tem-
poral Merge Adapter (TM-Adapter), an adapter module

composed of two parallel branches: a Local-adapter and
a Global-adapter, each designed to capture complemen-
tary temporal dependencies at different scales. The Local-
adapter focuses on capturing frame-level motion, while the
Global-adapter targets long-range temporal dependencies
by employing a merge—unmerge mechanism: it compresses
the sequence by merging redundant frames based on inter-
frame similarity, applies joint space—time attention to the
compressed sequence, and restores the original temporal
resolution to maintain compatibility with existing model
pipelines. This architecture reduces the impact of tempo-
ral redundancy, enhances long-range temporal modeling by
enabling efficient global reasoning over merged frames, and
maintains parameter efficiency by utilizing only 14M ad-
ditional trainable parameters on a frozen image backbone.
Our main contributions are summarized as follows:

* We introduce the first trainable merge—unmerge
mechanism for video understanding, which reduces
spatio-temporal redundancy and enables efficient joint
space—time attention.

* We are the first to introduce a dual-branch design within a
single adapter module, internally splitting it into a Local-
adapter and a Global-adapter to jointly learn short- and
long-range temporal dependencies.

2. Related work

2.1. Image to Video Transfer Learning

Image models have served as effective backbone architec-
tures for a variety of downstream video tasks, primarily due
to their strong spatial representation capabilities. Early ap-
proaches extended 2D CNNs into the temporal domain by
inflating them into 3D CNNs [5, 17, 19, 56] or by inte-
grating temporal modules such as RNNs and LSTMs into
higher layers of the network [36, 38, 65]. More recently, the
emergence of Vision Transformers (ViTs) [14, 51], known
for their superior generalization and transferability, has led
to their widespread adoption in video understanding tasks
[1, 2, 6, 15, 31-33, 37, 41, 44, 45, 55]. However, these
advantages come at the cost of increased computational
demands, as self-attention mechanisms require large-scale
datasets and extensive training time.

2.2. PETL methods for Video

Adapter-based PETL methods were initially proposed in the
NLP domain, where small trainable modules are inserted
into frozen pre-trained language models to allow efficient
transfer to downstream tasks [23, 49]. This idea has since
been extended to vision tasks, particularly video under-
standing, by adapting spatial image models with lightweight
temporal modules.

Existing image-to-video PETL methods are categorized
into one-stream methods [0, 24, 26, 40, 47, 63] and two-
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Figure 2. Overview of TM-Adapter. T, S, and m denote the number of frames, cosine similarity, and a merged frame, respectively (e.g.,
S indicates the cosine similarity between frames 0 and 1, and m refers to Merged Frame 0). In this figure, transition points are shown as
[So, S2, ST—2], which may vary across different videos. Icons indicate model components: the snowflake icon represents frozen modules,
the fire icon indicates trainable components, and unmarked regions correspond to parameter-free operations.

stream methods [27, 39, 48, 50, 64]. One-stream methods
augment frozen image models with lightweight temporal
modules, allowing a single network to jointly model spatial
and temporal representations. Representative one-stream
methods include AIM [63], which introduces temporal-axis
attention within transformer blocks, and ST-Adapter [47],
which integrates depth-wise 3D convolution modules into
intermediate layers. This approach simplifies the architec-
ture and improves memory efficiency by training a single
model. However, relying on a single type of temporal mod-
ule with fewer trainable parameters often limits the capac-
ity to capture complex temporal patterns, due to the con-
strained ability to jointly encode spatial and temporal repre-
sentations within a single lightweight module.

In contrast, two-stream methods utilize separate net-
works to independently model spatial and temporal in-
formation [40, 48, 50, 64]. For example, the Dual-Path
Adapter [48] employs two CLIP-based encoders with a sim-
ple bottleneck adapter to process different input modalities
(2D spatial and 3D temporal). DIST [50] uses an R(2+1)D
network as the temporal branch while distilling knowledge
from a frozen CLIP encoder, and Side4Video [64] adds a
spatial-temporal side network parallel to the main image
encoder to reduce memory consumption while maintaining
performance. However, two-stream methods require sepa-
rate computational pipelines for each stream with distinct
input modalities, resulting in inefficient memory utiliza-
tion, higher computational overhead, and increased archi-
tectural complexity from managing separate training paths
and explicit fusion strategies. Considering these trade-offs,
we propose the TM-Adapter, a one-stream design that cap-
tures high-dimensional temporal information using only 2D
spatial tokens, enabling more efficient and unified spatio-

temporal representation learning.

3. Method

3.1. Merge-Unmerge in Vision Tasks

Recent studies have explored merge mechanisms to reduce
redundancy in vision tasks [3, 34]. A central issue lies in
defining the merging criteria and execution strategy. Com-
mon solutions merge tokens with high cosine similarity via
average pooling. While effective at reducing redundant rep-
resentations, these operations are performed in a pairwise
manner, inherently enforcing sequential computation and
hindering efficient parallelization. Such serialization is tol-
erable at inference, where computational savings offset the
overhead, but becomes a major drawback during training:
merge-based algorithms are incompatible with gradient-
based optimization, which demands parallelism and end-to-
end differentiability.

In contrast, we propose the TM-Adapter, a learnable
and parallelizable merge—unmerge framework specifically
designed for global temporal modeling in image-to-video
parameter-efficient transfer learning. Our method employs
a learnable merge mechanism that supports training-time
merging while preserving temporal order, without relying
on handcrafted maps [34]. To enhance the diversity of
learned representations, we further introduce a scale-aware
attention mechanism that reflects the aggregation scale of
merged tokens.

3.2. TM-Adapter

As shown in Figure 2, the TM-Adapter consists of two com-
ponents: the Local-adapter and the Global-adapter. The
Local-adapter processes the entire video input to capture



relationships between adjacent frames, while the Global-
adapter reconstructs the video into a shorter sequence to
reduce local redundancy and emphasize global temporal in-
formation.

To improve computational and memory efficiency, we
adopt a bottleneck structure that compresses the input tensor
from X € RDOXTXxWxH (4 X c R(D/4)><T><W><H. As
shown in Figure 2, the Down-Sampling and Up-Sampling
layers in both the local and global adapters implement this
bottleneck structure.

3.3. Local Adapter

To capture short-term temporal dependencies across adja-
cent frames without affecting spatial resolution, we apply
a lightweight depth-wise 3D convolution (DW-3D-Conv)
with a kernel size of (3 x 1 x 1). The input tensor X €
RPTX(WH+1) jg reshaped to X € RP*T*XWxH 'excluding
the class token, and the output is activated by GELU. This
design efficiently encodes local motion while maintaining
parameter efficiency, as formulated in Equation 1.

L(X) = GELU (DW-3D-Conv(X)) + X (1)
3.4. Global Adapter

Unlike the Local-adapter, which uses entire frames with
redundant information to learn the relationships between
adjacent frames, the Global-adapter dynamically recon-
structs the frames into a shortened version with reduced
local redundancy. Specifically, to reconstruct the video,
we compare the similarity between adjacent frames and
merge similar frames within the Global-adapter. To enable
plug-and-play integration, the merged frames are restored
to their original form through an unmerge step. However,
parallelizing this process is challenging, as similar frames
vary across videos. To address this, we divide the Global-
adapter into four steps—Find transition points, Merge,
Joint space-time attention, and Unmerge—all of which
are designed for parallel execution. This parallelized de-
sign improves scalability and achieves a 2.5x reduction in
training time compared to a sequential implementation.

3.4.1. Find Transition Points

To identify frames exhibiting significant temporal shifts,
we compute cosine similarity between consecutive frame
embeddings, following Token Merging (ToMe) [3], which
adopts cosine similarity as a redundancy metric due to its fa-
vorable balance between speed and accuracy. Specifically,
we first apply average pooling along the channel dimension
of the input tensor X € RPXI+HHWIXT {5 reduce com-
putational cost and produce a compact frame-level repre-
sentation, resulting in X’ € RIHHW)IXT We then define
temporally adjacent frame pairs as Prev = X'[:,0:7—1]
and Aft = X'[:,1:T], and compute their cosine similarity
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Figure 3. Overview of the Merging Step. This figure shows a
parallelizable implementation of the merging process that aggre-
gates redundant frames while mitigating the sequential constraint
of temporal operations. The example assumes an 8-frame video
with M'T = 4 and transition points (e.g., [0, 3, 4]), which are iden-
tified in the Find Transition Points step and marked in red, while
temporally distinct frames excluded from merging are shown in
gray mask.

by L2-normalized inner product, where the main diagonal
of Prev' Aft captures inter-frame similarity. The pairs of
least similar frames K are selected as temporal transition
points, where K is equal to the number of merge tokens
(MT).

3.4.2. Merge

In the Merge step, frames are merged based on the transi-
tion points to shorten the video length from 7" to MT. To
support parallel computation, this process is divided into
three steps: Unfolding, Masking, and Average pooling.
Unfolding frames. To facilitate merging, frames are un-
folded using a sliding window approach expanding the in-
put from 7" frames to MT X kernel_size, as illustrated in
the Unfolding section of Figure 3. The kernel_size, de-
fined as (T'—MT+1), determines the maximum number of



Algorithm 1 Pseudo-code of define mask: Pytorch style

Input: Idx €¢ RM>MT
Output: weight

Idx = torch.cat([[0], idx + 1, [T]])

weights = torch.zeros(M T, kernel _size)

stride = torch.arange(MT)

scales = Idz[:,1:] — Idx[:,: —1]

end_slice = Idx[:, 1 :] — stride

start_slice = end_slice — scales

base = torch.arange(kernel size) x MT

mask = (base > start_slice)&(base < end_slice)
weights[mask] = 1

return weights
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frames that can be merged within a segment. For instance,
when T' = 8 and MT = 4, the kernel size is calculated
as 5, which prevents imbalance when transition points are
concentrated on one side (e.g., [0, 1, 2]) by ensuring that all
remaining frames requiring merging (e.g., [3, 4, 5, 6, 7]) are
properly grouped to maintain temporal consistency.

Masking. To identify frames for merging within each
segment, a binary mask is generated based on the tran-
sition points (Idz). First, 0 and T are added at the be-
ginning and end of Idx to define the full segmentation
range. The merging scales are defined as the differences
between consecutive indices in Idx, corresponding to the
number of frames grouped between each pair of transition
points. These scales are then used to compute the start and
end slices in each unfolded window, and the mask is ap-
plied to select valid regions for merging, as described in the
M asking step of Figure 3 and detailed in Algorithm 1.

Average pooling. To preserve temporal consistency and
prevent scale distortion from uneven merging, each un-
folded frame is normalized by the k/ nj, where k denotes
the kernel_size and n; is the number of merged frames in
the j-th group. A 1D average pooling with kernel_size and
stride (T—MT+1) then reduces the sequence length from
MT x kto MT.

T
A = softmax <Q§2 + log s) 2)

3.4.3. Joint space time attention

After merging, we apply joint space-time attention to cap-
ture global temporal dependencies [2, 32, 33]. To allow the
attention mechanism to reflect the temporal scope of each
token and to prevent information loss caused by merging,
we incorporate scale values into the attention logits, as de-
scribed in Equation 2. These values, computed during the
masking step in the Merge phase, represent the number of
frames assigned to each token. In addition, we create a sin-

gle global class token that both captures global semantic
information across merged segments and serves as the class
token for the subsequent joint space—time attention. The at-
tention is then computed using a frozen, pre-trained multi-
head self-attention block to maintain parameter efficiency
within PETL settings.

3.4.4. Unmerge

To reflect the learned global temporal representations in the
original sequence, we reconstruct the full-length sequence
by replicating each merged token to match its original tem-
poral extent, expanding M T tokens back to 7" frames. For
parallelization, we unfold each merged token as in the merg-
ing process, resulting in a tensor of shape MT x T'. A mask
based on the merge size is then applied, followed by 1D
average pooling with kernel size and stride equal to MT.
Detailed pseudo-code is provided in the appendix.

4. Experiment

4.1. Datasets

We evaluate TM-Adapter on three action recognition bench-
marks: Something-Something V2 (SSV2) [20], Kinetics-
400 (K400) [5], and HMDB-51 (HMDB) [29]. SSV2 con-
sists of 220k videos across 174 classes, focusing on how
humans act in a continuous flow throughout the video.
K400 consists of 300k videos across 400 classes, encom-
passing a wide variety of human actions. HMDB consists
of 7,000 videos across 51 classes, comprising human ac-
tions extracted from movies and YouTube videos. Due to
these characteristics, capturing global temporal information
is crucial in SSV2, whereas spatio-temporal information
in specific segments is more critical in K400 and HMDB,
where a diverse range of discrete actions is observed.

4.2. Implementation details

Model. We utilized the pre-trained C'LIP-B/16 [51] im-
age encoder as the backbone and attached a classifier cus-
tomized for each benchmark dataset.

Training. All experiments were conducted with 8 input
frames. Dense sampling was applied to K400 and HMDB
to capture fine-grained motion, while uniform sampling was
used for SSV2 to ensure coverage of the entire sequence.
Inference. For evaluation, we employed a multi-view frame
sampling protocol, which extracts frames from multiple
temporal segments and spatial viewpoints to ensure diverse
feature representation and improve robustness.

4.3. Main results

Table 1 presents results on Something-Something v2,
where our model achieves comparable performance to full
fine-tuning while using significantly fewer trainable param-
eters (Video-Swin-B: 88M wvs. 14M) and requiring lower



Table 1. Comparison with the state-of-the-art methods on the Something-to-Something V2 [20] dataset. Note that Views = frames x
clips x spatial. GFLOPs marked with * are our measurements; others are cited from the paper.

. Trainable SSv2 SSv2
Method & Arch. Views GFLOPs # Params 4R@1 ER@S
Full-Fine tuning
TimeSformer-L [2] 64 x1x3 7140 121 M 62.4 -
UniFormer-B/16 [32] 16 x3x1 777 60 M 70.2 92.8
ViViT FE [1] 16 x4 x 3 11892 311 M 65.4 89.8
Video-Swin-B [41] 32x1x3 963 88 M 69.6 92.7
VideoMAE [55] 16 x2x3 2880 87TM 69.7 92.3
VIT-B/16 [14] 8x1x3 281%* 86M 44.0 77.0
MViTv2-B [15] 32x1x5 675 51 M 72.1 93.4
UniFormerV2-B/16 [33] 16 x 3 x 2 600 163 M 69.5 92.3
Parameter Efficient transfer learning
AdaptFormer w/ B/16 [6] 8x1x3 544 8M 51.3 70.6
EVL w/ B/16 [39] 8x1x3 512 29 M 61.0 -
Pro-Tuning w/ B/16 [46] 8x1x3 538 I9M 50.8 69.9
ST-Adapter w/ B/16 [47] 8x3x1 325% 14M 67.1 91.2
AIM w/ B/16 [63] 8x1x3 624 14 M 66.4 90.5
Zeroi2v w/ B/16 [35] 8x1x3 422 20M 67.7 90.8
TM-Adapter w/ B/16 (Ours) 8x2x3 403 28 M 68.3 91.6

Table 2. Comparison with the state-of-the-art methods on the Kinetics-400 [5] dataset. Note that Views = frames X clips X spatial.
GFLOPs marked with * are our measurements; others are cited from the paper.

. Trainable K400 K400
Method & Arch. Views GFLOPs 4 Params 4R@1 4R@S
Full-Fine tuning
UniFormer-B 16 x1x4 777 60 M 82.0 95.1
SlowFast+NL [19] 16 x 3 x 10 7020 60 M 79.8 93.9
TimeSformer-L 96 x 1 x 3 7140 121 M 80.7 94.7
Video-Swin-B 32x4x3 963 88 M 82.7 95.5
X-CLIP [45] 8x4x3 1160 85 M 81.1 94.7
MViTv2-B 32x1x5 7200 51 M 82.9 95.4
UniFormerV2-B 8x3 x4 1600 160 M 84.4 96.3
Parameter Efficient transfer learning
EVL w/ B/16 8x3x1 444 29 M 82.9 -
ST-Adapter w/ B/16 8x3x1 303* ™M 82.0 95.7
AIM w/ B/16 8x3x1 606 11M 83.9 96.3
Zeroi2v w/ B/16 [35] 8x3x1 422 20 M 83.0 95.8
TM-Adapter w/ B/16 (Ours) 8 x 3 x2 353 14 M 83.2 95.9

GFLOPs (ViViT FE: 11892 vs. 403). In PETL models, im-
provements were observed in the following: AdaptFormer
(+ 17%) [6], EVL (+ 7.3%) [39], ST-Adapter (+ 0.8%) [47]
and AIM (+1.9%) [63]. These results indicate that our ap-
proach effectively captures the general temporal dependen-
cies of datasets that exhibit complex temporal patterns.

In Kinetics-400, similar to the results on Something-
Something v2, our model achieves comparable performance
to that of previous supervised video models, as shown in
Table 2, while requiring significantly fewer trainable pa-

rameters (TimesFormer-L: 121M vs. 20M; UniFormerV2-
B: 160M wvs. 20M) and GFLOPs (UniFormerV2: 1300
vs. 353; X-CLIP: 1160 vs. 353). Furthermore, compared
to PETL models, our approach demonstrated higher per-
formance (EVL + 0.3%, ST-Adapter + 0.2%) and lower
GFLOPs (EVL: 444 vs. 353; AIM: 606 vs. 353). While
AIM achieved slightly higher overall accuracy (by 0.7%),
we observe that our model performs better on SSV2, where
capturing the global temporal flow is essential. This differ-
ence may stem from the intrinsic nature of Kinetics-400, in



Table 3. Comparison with the state-of-the-art methods on the
HMDB dataset [29].

. Trainable HMDB
Method Pretrain # Params 4R@1
Full-Fine tuning
VIT-B/16 CLIP 85M 594
13D K400 12M 74.8
R2+1)D K400 63M 74.5
Slowonly-R101 K400 60M 79.0
PETL
VideoPrompt CLIP 92M 66.4
ST-Adapter K400 ™ 77.7
DUALPATH CLIP 10M 75.6
Ours CLIP 14M 83.5

Variation (%)

70.66% 1.141x 107

Side4Video

(a) Something-Something V2

Side4Video
(b) Kinetics 400

TM-Adapter ST-Adapter

Figure 4. Comparison of frame consistency with and without the
Global-adapter.

which spatial information from individual frames tends to
be more critical than dynamic temporal context.

In HMDB-51 (Table 3), TM-Adapter outperforms full
fine-tuning models (I3D +8.7%, R(2+1)D +9.0%, Slowonly
+4.5%) and PETL baselines (VideoPrompt +17.1%, ST-
Adapter +5.8%, DUALPATH +7.9%). This indicates strong
performance in short-range spatio-temporal scenarios and
suggests that the model generalizes well even on smaller
datasets.

4.4. Ablation studies

We perform comprehensive ablation studies to determine
the most effective way to utilize TM-Adapter. For a fair
ablation study, all experiments adopted uniform sampling

from the Something-Something V2 dataset, and all models
were trained for 70 epochs using the same hyper-parameter
settings.

Frame-wise inconsistency. To assess consistency between
frame-level predictions and global video understanding, we
adopt two metrics: Mean Absolute Difference (MAD) and
Jensen-Shannon Divergence (JSD). As shown in Figure 4a
and Figure 4b, TM-Adapter consistently achieves higher
agreement rates and lower divergence than both one-stream
and two-stream baselines, highlighting its ability to incor-
porate global video information into frame-level predic-
tions. Concretely, TM-Adapter improves consistency on
SSV2 by over 14%p compared to ST-Adapter, and also
achieves a 16%p gain on K400, confirming substantial ben-
efits in temporal coherence.

Efficiency of Merge-Unmerge and Parallelization. Ta-
ble 4 compares the computational cost and training effi-
ciency of different configurations of TM-Adapter. The base
model, which uses joint space-time attention without the
merge-unmerge mechanism, has a high computational load
of 22.50B FLOPs. However, without parallelization, train-
ing becomes slower due to sequential operations and CPU
bottlenecks, taking 1 hour 25 minutes per epoch on an A100
GPU. By incorporating parallelization techniques, the train-
ing time is reduced to 35 minutes per epoch while maintain-
ing the same FLOPs. These results highlight the importance
of both architectural optimization and implementation effi-
ciency in achieving scalable training performance.
Transition Points in Attention Maps. Although videos are
annotated with a single label, they often consist of multiple
distinct phases. For instance, the action “Moving something
closer to something” includes structured stages such as ap-
proaching, moving, and withdrawing. Similarly, in a “riding
a bike” sequence, the motion may be interrupted by static
background frames. As shown in Figures 5a and 5b, TM-
Adapter successfully detects these temporal boundaries, en-
abling the model to concentrate on key motion changes and
disregard redundant segments. These results demonstrate
that our method improves temporal segmentation and en-
hances action understanding in videos with complex dy-
namics.

In addition, we provide a quantitative evaluation using
the Breakfast dataset [30], which contains 1.7k cooking
videos annotated with fine-grained action boundaries. We
report Boundary F1 scores, where TM-Adapter achieves
0.7559, surpassing ST-Adapter (0.7357). This result con-
firms that our transition point detection not only improves
recognition accuracy but also yields more precise temporal
segmentation boundaries.

Attention map of each adapter. To analyze the effec-
tiveness of the Local-adapter and Global-adapter, we vi-
sualized the attention maps of both adapters. As shown



Table 4. Comparison of FLOPs and training time for different configurations.

Setup Description Merge-Unmerge

Parallelization FLOPs

Training Time / Epoch (A100)

Baseline (No Merge-Unmerge) X
TM-Adapter (no parallelization) v
TM-Adapter (with parallelization) v

X 22.50B —
X 14.05B 1 hr 25 min
Ve 14.05B 35 min

\ ! i /

(a) Something-Something V2: Moving {something} closer to {something }

- ~
- ‘. ne ‘.
e 3 R B L 23
—.
S J

(b) Kinetics-400: riding a bike

Figure 5. Visualization of attention maps to identify transition points across frames. Frames are merged based on transition points obtained

with 16-frame input and a merge token value of 4.

(a) Attention map of TM-Adapter

RoannRnRAn

(b) Attention map of Global-adapter in TM-Adapter

& .
e 1 1)

(c) Attention map of Local-adapter in TM- Adapter

(d) Attention map of TM Adapter trained without the Global Adapter

Figure 6. Visualization of attention maps to evaluate the effec-
tiveness of Local-adapter and Global-adapter. The dataset is
Something-Something V2 with the label “{Something} falling
like a rock.”

in Figure 6¢c, the Local-adapter leads to local redundancy
in short-range spatiotemporal information while focusing
on irrelevant regions. In contrast, as shown in Figure 6b,
the Global-adapter effectively captures changes around the
main object, although it lacks detailed focus. The TM-
Adapter, as shown in Figure 6a, combines the strengths
of both and maintains consistent attention on the move-
ment of the main object. To further examine the impact of
the Global-adapter, a model consisting only of the Local-
adapter was trained. The resulting attention map, as shown
in Figure 6d, partially tracks the main object while still fo-
cusing on local redundancy and irrelevant regions.

5. Conclusion

This work presents TM-Adapter, a parameter-efficient
transfer learning method for video action recognition. The
proposed approach addresses two key challenges: the lim-
ited modeling capacity of PETL frameworks and the redun-
dancy in consecutive video frames, which together hinder
effective learning of global temporal representations. To
mitigate these issues, we introduce a merge—unmerge algo-
rithm that reduces temporal redundancy by identifying and
aggregating similar frames during training while preserv-
ing motion dynamics critical for recognition. Furthermore,
we design a parallel implementation of the merging pro-
cess, reducing the training time by 2.5x under a fixed com-
putational budget. TM-Adapter demonstrates strong per-
formance in Kinetics-400, Something-Something V2, and
HMDB-51, with fewer trainable parameters and lower com-
putational cost compared to existing PETL methods. In ad-
dition, qualitative results indicate improved identification of
temporal transitions and enhanced learning of coherent tem-
poral structures.
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A. Appendix

In this document, we provide supplementary materials
for “TM-Adapter: Temporal Merge Adapter for Efficient
Global Temporal Modeling.” First, we present the imple-
mentation details, including training configurations and
sampling strategies (Sec.B). Next, we outline the merge and
unmerge procedures employed for efficient temporal pro-
cessing (Sec.C). Finally, we provide attention map visual-
izations comparing TM-Adapter and ST-Adapter, illustrat-
ing the effectiveness of our approach in capturing temporal
dynamics (Sec.D).

B. Implementation Details

As shown in Table 5, we present the implementation details
for three benchmarks: Kinetics-400 (K400), Something-
Something V2 (SSv2), and HMDB-51 (HMDB). The
adapter bottleneck width is set to 192, providing twice the
memory efficiency compared to a standard linear adapter
design. For all datasets, the Merged Token (MT) count is
set to 4, corresponding to the 8-frame input used during
training. TM-Adapter is applied to layers 6—11 for K400
and HMDB, and to layers 0—11 for SSv2, reflecting the
higher temporal variability in SSv2. Dense sampling is em-
ployed for K400 and HMDB, while uniform sampling is
used for SSv2, with the sampling strategy chosen based on
dataset characteristics. RandAugment [9] is applied across
all datasets, while Random Erase [67] and MixUp [66] are
specifically applied to SSv2 and HMDB to enhance robust-
ness.

C. Detailed code of the merge and unmerge

C.1. Overview of the Merge Function

The merge function processes temporal information within
the input tensor x by employing a predefined number of
merge_token. The primary objective of this function is
to efficiently condense temporal data while preserving es-
sential features and minimizing redundancy across sequen-
tial frames. It operates on an input tensor of dimensions
X € RBXT)xSxPXC \where B represents the batch size,
T denotes the temporal length, S corresponds to the se-
quence length, P represents the spatial dimensions, and C
signifies the number of channels.

C.2. Find Transition Point

To detect meaningful transition points within the temporal
sequence, the function first computes the mean of tensor
x along the last dimension, optimizing computational effi-
ciency. After performing a permutation, the last dimension
is assigned as T’ (Temporal). The frames, excluding the final
frame, are designated as prev, while those excluding only
the first frame are defined as after. Each is normalized sep-

arately, followed by matrix multiplication, where the main
diagonal of the resulting matrix represents the cosine sim-
ilarity between consecutive frames. The fopK operation is
then applied to select the indices of the lowest merge_token
- 1 similarity values, identifying them as transition points.
The remaining consecutive frames are assumed to be sim-
ilar, simplifying further computation. To align similarity
indices with frame indices, 1 is added to each index, and
sorting is performed to ensure efficient parallel processing
in subsequent operations.

C.3. Define Mask

To define the frames to be merged within the temporal se-
quence, the function first appends 0 and 7' (the total se-
quence length) to the front and back of the transition point
indices, forming the base and last tensors that represent the
video boundaries. Then we calculates the number of frames
to be merged within each section by computing the differ-
ence between adjacent indices, storing these values in the
indices tensor. The kernel_size, which defines the maxi-
mum number of frames that can be merged in a single step,
is determined as (T — merge_token + 1) and is used during
the unfolding operation. To construct a mask for selecting
frames to be merged, a weights tensor initialized with zeros
is prepared. The function generates end_indices by subtract-
ing an arange tensor of size merge_token from the computed
indices, while further subtraction produces start_indices.
These indices define the frame selection boundaries within
each sliding window. A logical operation is then applied on
a base_index tensor representing the sliding window posi-
tions, setting values to 1 within the determined start and end
boundaries in the weights tensor. This process effectively
constructs a mask that identifies the frames to be merged in
each sliding window, as illustrated in Figure 7.

C.4. Define Scale

The merge function then calculates a scaling factor for each
merging window to ensure that the merged values are nor-
malized correctly. When the merged frames pass through
the Joint Space-Time Attention layer, a single frame used in
the computation consists of multiple frames. This means
that the computation does not inherently account for the
number of frames involved in the operation. To minimize
the resulting information loss, the function defines a scales
variable, which represents the number of merged frames
in each segment. This scale is later used by applying the
log(scale) operation and adding it to the subsequent com-
putations. The computed scales are then returned to ensure
accurate representation.

C.5. Merge

Finally, the function performs the actual merging opera-
tion. The unfold method is applied to x_id to create slid-



Table 5. Detailed configuration settings across different benchmarks.

Components K400 SSv2 HMDBS51
Local-Adapter (MLP Mixer) per block 1 2 1
Global-Adapter (MLP Mixer) per block 1 1 1
Adapter (MLP Mixer) per block 3(1 Local, 2 Global) 4(2 Local, 2 Global) 3(1 Local, 2 Global)
Adapter bottleneck width 192 192 192
Merge Token 4 4 4
Layers [6:11] [0:11] [6:11]
Optimizer

AdamW, Cosine scheduler

Learning rate 3x 1074 5x 1074 1074
Weight Decay 5 x 1072 5 x 1072 5 x 1072
Batch size 64 32 64
Layerwise Decay 0.75 0.75 0.75
Data configuration

Training crop size 224 224 224

Frame sampling

8 for Dynamic Sampling 8 for Uniform Sampling 8 for Dynamic Sampling

RandAugment v v v
Random erase X v v
MixUp X v v
Inference configuration

Testing views (temporal X spatial) 3x5 2x3 2x3

Start_slice:

[o]lo][o][o]o][0][o][0] 0| 2][2][2] 2] 2] s ][s] 3] 3] 2]
of1][2]3|afof1|2]3]a]of1]2|3|afof1]2]3]4

Base_index:

o [N
T|F|F|F|r]T|T|T][F|F]F|F]T|T]FlF|F|F|T]|T

poded lor [[1F || 2¢ || 3F [ ar | ¢ || 2¢ || aF || aF || sF [ 27 || aF | 4 ][ 5F ][ 6F [[3F ][ 4F || 5F | 6F || 7¢
oo olfof of1r|2F|[aF| oo olfofar|sF||offof ol olfer|zF

Scaling + Average Pooling

Figure 7. Overview of Overview of the mask computation method and its application. The T and F under End Slice represent True and

False, respectively, while F under Unfolded Frames denotes frame

ing windows across the temporal dimension, enabling effi-
cient parallel processing. The processed weights are then
applied to these windows through element-wise multiplica-
tion, thereby merging the temporal information in a struc-
tured manner. Additionally, the weights are scaled by mul-
tiplying them with the ratio of kernel_size/scales to en-
sure that values are not inadvertently distorted during the
subsequent average pooling operation. The merged data is

S.

then processed through Favg_poolld, which applies aver-
age pooling to further condense the temporal dimension.
The resulting output is reshaped and permuted back to the
format B X merge_token x P x C', preparing it for the next
stages in the model pipeline. The function concludes by
returning the merged output, the calculated scales, and the
cumulative cum_indices, completing the temporal merging
process while preserving information integrity.



Algorithm 2 Pseudo-code of merge & unmerge

1: def merge(x, merge_token):
22 B,S,P,C = z.size()
3:  # Find Transition points
4:  zid = z.clone().permute(0, 2, 3, 1).contiguous().view(B, P x C,T)
5. x = torch.mean(z, dim = —1).permute(0, 2, 1)
6:  prev = Fnormalize(z[:,:,: —1],p = 2,dim = —2)
7. after = F.normalize(x[:,:,1:],p = 2,dim = —2)
8:  sim = torch.matmul(prev.transpose(—1,—2), after).diagonal(diml = —2,dim2 = —1)
9:  walues, indices = torch.topk(sim, merge_token — 1,dim = —1, largest = False, sorted = False)
10:  indices = torch.sort(indices,dim = —1)[0] + 1
11:  # Define Mask
12:  base = torch.zeros((B, 1), dtype = z.dtype, device = z.device)
13:  last = torch.ones((B, 1), dtype = x.dtype, device = x.device) x T
14:  indices = torch.cat((base.expand(B, —1), indices, last.expand(B, —1)),dim = 1)
15 cum-indices = indices[:, 1 :].clone()
16:  indices = indices[:,1 :] —indices[:,: —1]
17:  kernel_size =T — merge_token + 1
18:  weights = torch.zeros(B, merge_token x (kernel_size), dtype = x.dtype, device = x.device)
19:  weights = weights.view(B, merge_token, kernel _size)
20:  stride = torch.arange(merge_token, dtype = indices.dtype, device = indices.device).expand_as(indices)
21:  end_slice = cum_indices — stride
22:  start_slice = end_slice — indices
23:  start_slice = start_slice.unsqueeze(—1).expand(—1, —1, kernel_size)
24:  end_slice = end_slice.unsqueeze(—1).expand(—1, —1, kernel_size)
25:  base_index = torch.stack([torch.arange(kernel_size, device = x.device)] x merge_token)
26:  mask = (base_index > start_slice)&(base_index < end_slice)
27:  weights[mask] = 1
28:  # Define Scale

29:  scales = mask.sum(dim = —1, keepdim = T'rue, dtype = z.dtype).view (B, merge_token)
30:  # Merge
31:  windows = z_id.un fold(dimension = —1, size = kernel_size, step = 1)

32:  weights = weights x (kernel_size/scales.unsqueeze(—1).expand(—1, —1, kernel_size)).to(z.dtype)
33 output = windows x weights.unsqueeze(1).expand(—1, P x C, —1,—1)

34:  output = output.contiguous().view(B, P x C, merge_token x kernel_size)

35.  output = F.avg_poolld(output, kernel_size = kernel_size, stride = kernel_size)

36:  output = output.view(B, P,C, merge_token).permute(0,3,1,2)

37:  return output, scales, cum_indices

1: def unmerge(x, scale, cum_scale, T):

22 B,S,P,C = z.size()

3:  weights = torch.empty(B, S, T, dtype = x.dtype, device = x.device).fill_(0)

4:  start = torch.zeros((cum-_scale.size(0), 1), dtype = x.dtype, device = cum_scale.device)
5. cum_scale = torch.cat((start, cum_scale),dim = 1).unsqueeze(—1).expand(—1,—1,T)
6:  base_index = torch.arange(T, dtype = z.dtype, device = x.device).expand_as(weights)

7. mask = (base_index > cum_scalel:,: —1])&(base_index < cum_scale][:,1 :])

8:  weightsmask] =1

9:  x=zxwiew(B,S, P x C).unsqueeze(2).expand(—1,—1,T, —1)
10:  x =z X weights.unsqueeze(—1)
11:  z = torch.sum(z, dim = 1).view(B, T, P,C)
12 returnx




D. Attention map Visualization

We conducted additional attention map visualizations in
Figures 8 and Figure 9, comparing the ST-Adapter [47],
which is similarly structured to the Local-Adapter, with
the TM-Adapter. The experiments were performed on the
Kinetics-400 and Something-Something V2 datasets. In
Figure 8, focusing on the “Knitting” label, the ST-Adapter
attention map concentrates on specific parts of the hands
and redundant areas of the background Figure 8b. In con-
trast, the TM-Adapter provides a more balanced view of the
entire image, directing attention not only to the object being
knitted but also to the hands performing the knitting action
8a. Additionally, the TM-Adapter evenly reflects the entire
frame in its results. As shown in Figure 9, a similar outcome
was observed in the Something-Something V2 dataset. The
label in Figure 9 is “Putting something, something, and
something on the table,” which depicts a video of sequen-
tially placing a cup, knife, and spoon on a table. While
the ST-Adapter focuses only on the object currently being
placed (Figure 9b), analyzing the relationships between ad-
jacent frames, the TM-Adapter maintains attention on the
objects previously placed as well (Figure 9a). This result
indicates that the TM-Adapter effectively incorporates in-
formation from earlier frames into later ones, demonstrating
its ability to focus not only on individual objects but also on
the overall actions within the video.



(a) TM-Adapter (b) ST-Adapter

Figure 8. Comparison of attention maps between the TM-Adapter and ST-Adapter for the “Knitting” label in the Kinetics-400 dataset.

(a) TM-Adapter (b) ST-Adapter

Figure 9. Comparison of attention maps between the TM-Adapter and ST-Adapter for the “Putting something, something and something
on the table” label in the Something-Something V2 dataset.

(b) Kinetics-400:Country line dancing
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(c) Something-Something V2:Letting something roll down a slanted surface
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(d) Something-Something V2:Moving something and something closer to each other

Figure 10. Additional attention maps of TM-Adapter.
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