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Abstract. To adapt billion-parameter Vision Transformers for long-
video understanding, recent methods freeze the backbone and train light-
weight convolutional modules. While effective for parameter-efficient trai-
ning, existing adapters do not reduce inference-time computation, leav-
ing scalability with respect to video length largely unaddressed. Token
selection can reduce attention cost by pruning redundant tokens, but
it breaks the spatial grid structure required by convolutional adapters.
This forces an expensive dense reconstruction, nullifying much of the
potential speedup. We address this by introducing native sparse 2D con-
volutions, a primitive that allows these adapters, for the first time, to
operate directly and efficiently on dynamically pruned token sets. We
integrate this primitive into SV-TAD, an adapter framework for tem-
poral action detection, reducing VideoMAEv2-L computation by up to
64% and achieving 2.2× faster inference, while maintaining state-of-
the-art accuracy on THUMOS-14 and ActivityNet-1.3. When scaled to
InternVideoNext-L, our approach surpasses the previous state of the art
at roughly half its computational cost. Moreover, the sparse formulation
naturally supports auxiliary task tokens, which improves fine-grained as-
sembly detection on ATTACH. Code and trained models are available at
https://github.com/pcr-upm/eccv26_tad.

Keywords: Sparse Convolutions · Token Selection · Vision Transform-
ers · Temporal Action Detection · Efficient Inference · Efficient Training

1 Introduction

Recent advances in large-scale video foundation models have significantly im-
proved video understanding [26]. To adapt these billion-parameter Vision Trans-
formers to temporal action detection (TAD) tasks without prohibitive fine-tuning
cost, adapter-based approaches insert lightweight convolutional modules into a
frozen backbone, allowing parameter-efficient specialization [16, 19]. However,
despite their parameter efficiency, these adapters still operate on dense token
grids and their computational cost scales proportionally with the full sequence
length of the video. As video resolution and temporal duration increase, this
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Fig. 1: TFLOPs vs. accuracy on THUMOS-14. SV-TAD (red squares) matches
or exceeds AdaTAD [16] (blue circles) at substantially lower compute across three
backbone scales: 43% fewer TFLOPs with VMAEv2-B, 64% with VMAEv2-L, and
51% when comparing our InternVideoNext-L against AdaTAD’s VMAEv2-G.

dense processing becomes a major computational bottleneck. Moreover, existing
adapter-based approaches primarily improve training efficiency and do not re-
duce the inference-time computational cost of the backbone, leaving scalability
with respect to video length largely unaddressed.

In parallel, token selection [3, 14] has emerged as an effective mechanism to
reduce the quadratic cost of self-attention by dynamically pruning uninformative
tokens. Unlike architectural modifications, such as efficient attention variants [23]
or distillation [2], token selection preserves the original model’s representations.
This makes it uniquely attractive for adapter-based fine-tuning, where any re-
duction in token count could directly translate into wall-clock savings.

However, while sparsification substantially reduces attention complexity, it
disrupts the regular spatial structure required by convolutional adapters, pro-
ducing a fundamental representational gap. This affects convolutions, feature
pyramid networks, and any operation that assumes fixed spatial neighborhoods.
Existing convolutional adapters reshape tokens into spatial feature maps and
apply grid-based convolutions, requiring dense reconstruction when tokens are
removed. This reconstruction step substantially diminishes the computational
gains of sparsification, so current adapter frameworks cannot fully benefit from
token-level sparsity. Additionally, existing 3D sparse convolutional engines [6,8]
cannot be repurposed here, as their format requirements and host-side hash-
table operations are architecturally incompatible with the dynamic sparsity of
token selection (Sec. 2).

To address this, we introduce SparseConv2D, a native sparse 2D convolution
that bridges token selection and convolutions without dense reconstruction. Our
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key insight is that the sparse token set already contains everything a convolution
needs: a convolution does not require the full spatial grid, only the adjacency
between each output position and its K2 neighbors; encoding this adjacency
explicitly over the sparse set makes the grid unnecessary. We precompute a
neighbor index table that maps each retained token to its neighbors’ positions
in the sparse sequence, then execute the convolution through custom CUDA
kernels that gather features directly via this table. The regular 2D patch grid
further allows the table to be built in O(Nkept), with Nkept being the number of
tokens selected, translating token reduction into proportional speedups in both
memory and computation.

We instantiate this primitive in SparseViT-TAD (SV-TAD), a temporal ac-
tion detection framework where sparse convolutional adapters are inserted into
each Transformer block of a frozen ViT backbone [24, 26], while token selection
modules progressively prune sequences in strategic layers. As shown in Fig. 1, SV-
TAD achieves better efficiency-accuracy trade-offs than existing adapter meth-
ods [9,16]. With ViT-L, it achieves 64% fewer TFLOPs and 2.2x faster through-
put. Our contributions are:

– We introduce native sparse 2D convolutions for Vision Transformers, a
computational primitive that processes dynamically sparse token sequences
through precomputed neighbor index tables and custom CUDA kernels,
without dense grid reconstruction.

– We design sparse adapter architectures that integrate this primitive into
parameter-efficient fine-tuning, enabling convolutional adapters to operate
on token-selected sequences for the first time.

– We demonstrate 64% reduction of TFLOPs, 2.2x inference speedup, and
1.7x training acceleration over the state-of-the-art on THUMOS-14, while
maintaining mAP. We validate on ActivityNet-1.3 with consistent gains.

– We show that our sparse framework is flexible enough to support multi-
task learning: in ATTACH, auxiliary landmark supervision improves over
the baseline by +2.41%, demonstrating that secondary tasks can be incor-
porated with minimal overhead.

– We release our CUDA kernels as a standalone library for sparse token
processing in PyTorch.

2 Related Work

Parameter-Efficient Fine-Tuning (PEFT). Large-scale ViTs, with hundreds of
millions to billions of parameters, cannot be fully fine-tuned for TAD, where
each input spans hundreds of frames. Adapter-based methods [11] address this
by keeping the backbone weights fixed and learning only small modules in-
serted between layers. AIM [30] proposes spatial and temporal adapters for video
recognition, while ST-Adapter [19] employs 3D convolutions to capture spatio-
temporal patterns. LoSA [9] introduces long-short-range adapters and scales to
VMAEv2-G, yet underperforms relative to the capacity of its billion-parameter
backbone. Other methods such as ViT-TAD [29] adapt a short-term ViT-B for
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clip-level processing. While this keeps per-snippet FLOPs low, ViT-TAD relies
on full fine-tuning of all backbone parameters, fundamentally limiting scaling to
larger backbones. AdaTAD [16] applies temporal-informative 1D convolutional
adapters, surpassing both LoSA and ViT-TAD while training only ∼2% of pa-
rameters. A common limitation across these methods is that their convolutional
modules always operate on the complete spatial grid, regardless of token in-
formativeness. Recent image-domain work [13, 31] combines PEFT with token
selection but requires explicit attention-matrix computation, incompatible with
FlashAttention [7] and infeasible for TAD sequences exceeding 70k tokens.

Token Selection in Vision Transformers. The quadratic complexity of self-atten-
tion in the number of tokens N has motivated numerous strategies to alleviate
this cost by reducing the number of tokens that traverse the network. EViT [14]
ranks patches according to their class-token attention and discards the lowest-
scoring ones, while ToMe [3] progressively merges nearby tokens using bipartite
matching, eliminating the need for additional training. DynamicViT [21] instead
trains a lightweight decision network that predicts per-token keep/drop masks.
In video, TokenLearner [22] and STTS [25] extend pruning and merging to the
spatio-temporal setting. A shared limitation is that all of these approaches tar-
get only the self-attention bottleneck. None specifies how the irregular token
sets produced should interact with local operators, such as convolutions. Merg-
ing methods carry an additional constraint, as computing the N×N pairwise
similarity matrix is at odds with sub-quadratic attention kernels like FlashAt-
tention [7], limiting applicability to long sequences.

Sparse Convolutions. Processing spatially sparse data with convolutions has a
long history in 3D vision. Submanifold sparse convolutions [8] and Minkowski-
Engine [6] represent occupied voxels in hash tables, dispatching computation
only where data exists, an approach widely adopted for LiDAR point clouds [27].
However, these engines are poorly suited to the dynamic token selection in ViTs:
their COO-style sparse-tensor format requires a costly round-trip to the packed
dense tensors used by a ViT at every block, and pruning positions invalidates
cached kernel maps, forcing the coordinate manager to rebuild all Kd maps
via hash-table probes per active site with no reuse across layers whose sparsity
patterns differ. This hash-based construction is heavier than the problem re-
quires, since ViT coordinates lie on a known regular 2D patch grid, rendering
existing 3D sparse engines impractical for adapter-based video models. Sepa-
rately, sparse-transformer research [5] sparsifies attention patterns rather than
convolutional adapters. To our knowledge, native sparse 2D convolutions for the
dynamic, layer-varying sparsity of token selection have not been explored before.

Our Proposal. Each research line reviewed above addresses one dimension of
the efficiency challenge, but leaves the others unresolved. PEFT adapters [11,
16,19,30] always operate on the full spatial grid, so cost scales with total tokens
regardless of informativeness. Token selection [3, 14, 21] reduces the count but
does not specify how irregular token sets should interact with local operators,
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Fig. 2: SV-TAD architecture. Input frames and auxiliary tokens (X) pass through a
frozen pretrained ViT backbone with interleaved token selection (TS-ON) blocks. The
first three blocks use standard 2D convolutions, with the rest using SparseConv2D. The
expanded view shows our modified ViT block: frozen attention computes importance
scores, token selection prunes uninformative patches, and the trainable sparse adapter
operates directly on the sparse sequence. Timing annotations show per-block latency
decreasing from 60ms to 7.6ms as the sequence progressively shrinks.

limiting savings to attention-only models. Existing sparse engines [6, 8, 27] are
incompatible with ViT tensor formats and unsuitable for dynamic, layer-varying
sparsity. SV-TAD bridges all three: sparse convolutional adapters provide PEFT-
style efficiency, token selection reduces the sequence, and our native sparse 2D
convolution enables both to work together, translating token reduction into pro-
portional savings without dense reconstruction or external sparse-tensor engines.

3 Method

We present SV-TAD, a framework that bridges token selection and convolutional
adapters for TAD. Central to our approach is SparseConv2D, a native sparse 2D
convolution (Sec. 3.2), this computational primitive processes dynamically sparse
token sequences without dense grid reconstruction. We integrate this primitive
into a sparse adapter architecture (Sec. 3.4) and show that the resulting frame-
work is flexible enough to support auxiliary task supervision (Sec. 3.3). Fig. 2
provides an overview.

3.1 Token Selection

We employ attention-based token selection [14, 20] to progressively prune un-
informative tokens during the forward pass. Crucially, unlike prior work that
discards spatial information after pruning, we preserve the original grid indices
of kept tokens, this positional information is essential for our sparse convolution.

At designated Transformer blocks, we compute importance scores from ag-
gregated attention weights between auxiliary tokens and visual tokens. In the
standard setting, only the class token serves as the auxiliary token. When more
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than one auxiliary task token is present (Sec. 3.3), importance scores incorporate
attention from all K tokens with learnable weights w ∈ RK :

s =
1

nh

nh∑
h=1

K∑
k=1

wk ·A(h)
k , Ikept = TS (s, ⌊kr ·N⌋) (1)

where TS is the token selection algorithm, N is the number of visual tokens,
A

(h)
k ∈ RN denotes the attention weights from the k-th auxiliary token to all

visual tokens at head h, nh is the number of attention heads, and kr is the keep
rate. This formulation allows task-specific tokens (e.g ., auxiliary landmarks)
to influence which Nkept patches are retained, biasing selection toward regions
relevant for the auxiliary task. When K=1 (class token only), this reduces to the
standard EViT formulation [14]. The tokens kept Xvis = Xvis[Ikept] are passed
to subsequent layers, while Ikept encodes their original positions (y, x) in the
spatial grid H ×W .

Compatibility with FlashAttention. A critical advantage of our token selection is
that it requires only the K attention rows from auxiliary tokens to visual tokens,
not the full N×N attention matrix. We extract the required K rows (where
K ≪ N) as a byproduct of the standard attention computation. This allows
our entire pipeline, backbone attention, token selection, and sparse adapters
to operate with FlashAttention enabled, which is essential for scaling to video
sequences.

Following prior work on token selection [14,20,21], the selection is applied at
evenly-spaced layers (blocks 4, 8, 12, 16 for ViT-L), progressively reducing the
sequence length. Early layers process all tokens to build robust representations
before pruning begins.

3.2 Native Sparse 2D Convolution

The straightforward way to combine token selection with convolutional adapters
is dense reconstruction. It consists of scattering the Nkept sparse tokens back
to their original grid positions Xdense ∈ RT×H×W×D, filling pruned locations
with zeros, applying standard convolution, and then gathering outputs at kept
positions. While functionally correct, this approach has fundamental efficiency
limitations: (1) memory scales with O(THW ) regardless of sparsity, (2) con-
volution computes over all THW positions including empty padding, and (3)
empirically, speedup plateaus as reconstruction overhead dominates, pruning
more tokens yields no additional benefits. The general incompatibility and re-
construction algorithm are explained in detail in Sec. G of the supplementary
material.

We propose a native sparse 2D convolution that operates directly on sparse
token sequences, Xvis ∈ RNkept×D/4. The key insight is that convolution is in-
herently local, e.g . a 3×3 kernel only needs 9 neighbors per output, not the entire
grid. We exploit this locality through an indirection table that maps sparse to-
kens to their sparse neighbors, enabling computation without dense reconstruc-
tion. For simplicity in the following sections, we use a 3× 3 kernel. Fig. 3 shows



SV-TAD: Native Sparse Convs for Efficient Temporal Action Detection 7

Fig. 3: Kernel Timing comparison on THUMOS-14. DenseConv2D (blue) keeps
latency nearly constant across different keep rates, while our SparseConv2D (orange)
scales linearly with Nkept.

that our sparse kernel achieves parity with dense convolution at ∼55% keep rate;
below this threshold, sparse is strictly faster, reaching 8× speedup at 10% keep
rate.

The data structure enabling our sparse convolution is a neighbor index table
N ∈ ZNkept×9 that maps each kept token to its spatial neighbors’ positions in
the sparse token list. For kept token k at grid position (yk, xk) and kernel offsets
δx ∈ {−1, 0, 1} and δy ∈ {−1, 0, 1}:

N[k, j] =

{
sparse_idx(yk + δy,j , xk + δx,j) if neighbor is kept
−1 if pruned or out-of-bounds

(2)

where j ∈ {1, . . . , 9} indexes kernel positions and −1 indicates zero-padding.
We construct this table efficiently in two steps, exploiting the regular 2D grid

structure:

1. Build a lookup map. Create a dense array M ∈ ZH×W initialized to −1.
For each kept token k at grid position (yk, xk), set M[yk, xk] = k. This maps
grid coordinates to sparse indices.

2. Fill the neighbor table. For each kept token k, look up its 8 neighbors
via N[k, j] = M[yk + δy,j , xk + δx,j ]. If the neighbor was pruned, M returns
−1, correctly indicating zero-padding.

Both steps are O(Nkept), computed on CPU with negligible overhead (less than
∼3ms) relative to the GPU-bound adapter forward pass, and M is reused across
all adapter layers until the next token selection.
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Table 1: Effect of keep rate kr on THUMOS-14 (InternVideoNext-L backbone).

Keep Rate TFLOPs vid/s mAP@0.5 Avg. mAP

0.7 87.05 0.42 78.22 74.13
0.6 74.09 0.50 77.22 73.64
0.5 60.13 0.60 76.40 73.00

Custom CUDA Kernels. We implement forward and backward passes as
custom CUDA kernels. The forward pass computes:

yk =

9∑
j=1

Wj · x[N[k, j]] + b (3)

where Wj ∈ RCout×Cin is the weight slice for kernel position j, and x[N[k, j]]
gathers neighbor features (zeros if N[k, j] = −1). We provide two strategies,
automatically selected based on Cout: an implicit GEMM path via cuBLAS for
large channels (Cout ≥ 256) that fully utilizes Tensor Cores, and custom tiled
kernels for smaller channels that fuse gather and GEMM into a single launch.
Full kernel design details are in Sec. A of the supplementary.

Complexity Analysis. Our sparse convolution requires O(Nkept ·K2 ·Cin ·Cout)
operations versus O(THW ·K2 ·Cin ·Cout) for dense convolution. With Nkept =
kr ·THW , compute scales linearly with keep rate kr. Memory is decoupled from
total sequence length through chunked processing, O(chunk_size · (Cin+Cout)).
The full model applies token selection at S stages (e.g ., S = 4 at blocks 4, 8, 12,
16 for ViT-L), with cumulative savings compounding across layers. At kr=0.6
per stage, the effective rate after two stages drops to 0.36 and after four to 0.13,
placing the majority of layers well below the per-kernel crossover point where
sparse convolution outperforms dense (Fig. 3).

The default keep rate used for every dataset and backbone is listed in Sec. C
of the supplementary.

Keep-Rate Schedule. Table 1 sweeps the per-stage keep rate kr on THUMOS-14
with the InternVideoNext-L backbone. For this model kr=0.7 gives the best
trade-off; lowering it trades accuracy for throughput gracefully, e.g . kr=0.5
reaches 0.60 videos/s (up from 0.42) at only −1.13% avg. mAP. SV-TAD thus
degrades smoothly rather than collapsing as more tokens are pruned, so kr can
be tuned per deployment budget.

3.3 Auxiliary Task Supervision

We introduce auxiliary tokens, learnable embeddings that aggregate task-specific
information from visual features via cross-attention. Within each adapter, af-
ter the convolution processes the bottleneck features X′

vis ∈ RB×Nkept×D/4, a
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Fig. 4: Sparse adapter architecture. Our bottleneck adapter (orange, trainable;
the surrounding ViT block is frozen) is inserted after each Transformer block’s atten-
tion layer. Visual (Xvis) and auxiliary (Xaux) tokens are down-projected (DownProj1)
before SparseConv2D gathers each kept token’s spatial neighbors via the precomputed
neighbor index table N (−1 marks pruned/out-of-bounds neighbors, top-left inset).
CrossAttn then lets auxiliary tokens query the sparse visual features, updating only
Xaux at no extra cost to the visual path, before UpProj1 restores the channel dimen-
sion and a learnable scalar γ modulates the adapter’s residual contribution.

lightweight cross-attention module lets auxiliary tokens query visual tokens:

X′
aux = CrossAttn(Xaux, X

′
vis) (4)

where only the auxiliary tokens Xaux are updated. In this module, the tokens are
further down projected (D/8). The queries Qaux are projected from the auxiliary
tokens Xaux, while keys Kvis and values Vvis are projected from the visual fea-
tures X′

vis. This asymmetric design enables information flow from visual patches
to auxiliary tokens without overhead on the visual token set. The cross-attention
module also serves as the adapter’s mechanism for modeling temporal dynamics.

This makes our architecture flexible enough to support auxiliary task super-
vision without requiring per-task dense reconstructions. We demonstrate this
capability with landmark-guided token selection and pose heatmap prediction,
which we deploy on fine-grained assembly tasks (Sec. 4.5).

3.4 Sparse Adapter Architecture

We integrate our sparse convolution and the auxiliary cross-attention mecha-
nism into a bottleneck adapter, named SV-TAD, inserted after each Transformer
block’s attention layer. As illustrated in Fig. 4, input features pass through a
down-projection, GELU activation, our sparse 2D convolution, and the cross-
attention module, followed by an up-projection that restores the original dimen-
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sion:

X′
vis = SparseConv2D(σ(DownProj1(Xvis)), N) (5)
X′ = Concat(CrossAttn(Xaux, X

′
vis),X

′
vis) (6)

Xout = γ · UpProj1(X
′) +X, (7)

where DownProj1: RD → RD/4, σ is GELU, SparseConv2D uses neighbor
table N, CrossAttn lets auxiliary tokens query the sparse bottleneck features
Xvis, UpProj1: RD/4 → RD, and γ is a learnable scalar (initialized to 1) that
controls adapter influence. For early layers (before token selection), we use a
standard 2D convolution, as our sparse convolution offers no gains in this dense
regime.

Temporal Context Flow. Temporal information reaches visual tokens through
two complementary pathways. First, after the adapter enriches the auxiliary
tokens (e.g . CLS) at layer ℓ, the frozen ViT self-attention at layer ℓ+1 naturally
propagates this enriched representation to every visual token across all frames.
Second, the backbone output concatenates the final CLS token along with frame
features that the detection head processes directly. The CLS thus serves both as
an intermediate temporal relay between adapter layers and as a global temporal
summary available to the detection head.

4 Experiments

We demonstrate that native sparse convolutions deliver substantial efficiency
gains while maintaining accuracy. We report average mAP over IoU thresholds
{0.3, 0.4, 0.5, 0.6, 0.7} for THUMOS-14, {0.5, 0.75, 0.95} for ActivityNet-1.3,
and {0.1, 0.2, 0.3, 0.4, 0.5} for ATTACH, following the standard protocol for
each benchmark.

4.1 Datasets and Setup

We evaluate SV-TAD on 3 benchmarks for TAD: THUMOS-14 [12] (200/211
train/test videos, 20 sports classes), ActivityNet-1.3 [10] (10k/4,728 train/test
videos, 200 activity classes), and ATTACH [1] (1,200+ assembly videos, 51 fine-
grained classes with 68% temporal overlap, person-split: 28/4/10 participants
for train/val/test). For THUMOS-14 and ATTACH, we use T = 768 frames at
224 × 224 resolution as input. For ActivityNet-1.3, T = 192 at 160 × 160. Full
dataset statistics and preprocessing details are in Sec. B of the supplementary
material.

We use frozen video transformer backbones (i.e. VideoMAEv2 [26], Intern-
VideoNext [24]), with the OpenTAD framework [17]. Sparse adapters are in-
serted after each transformer block, with token selection in blocks 4, 8, 12, 16
(ViT-L) using kr=0.6. We employ ActionFormer [32] as the detection head. Full
hyperparameters are provided in Sec. C of the supplementary material.
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(a) Speed scaling (b) Memory scaling

Fig. 5: Sparse convolution efficiency scaling at kr=0.3. (a) Our sparse convo-
lution (orange) achieves 1.75× speedup over dense (blue) at 6,144 frames (40ms vs.
70ms). (b) Dense convolution memory grows to ∼6GB at 6,144 frames regardless of
sparsity. Our sparse convolution maintains constant memory (∼800MB) via chunked
processing, achieving 7.5× reduction.

4.2 Efficiency Analysis

We evaluate inference of SV-TAD (ViT-L) against AdaTAD [16] (ViT-L) with
identical input sizes on THUMOS.

End-to-End Throughput. Figure 1 shows an overview of TFLOPs at different
model sizes. SV-TAD (ViT-L) processes 1.57 videos/second vs. the baseline’s
0.73, a 2.2x improvement: our native sparse convolution translates the 64%
TFLOPs reduction at kr=0.6 directly into real-world throughput gains, validat-
ing the approach for both faster training and practical deployment.

Training Speed. Our efficiency gains also extend to training: measuring average
GPU active time, SV-TAD requires 3.01s per step (forward= 0.70s, backward=
2.31s) vs. the baseline’s 5.35s (forward= 1.49s, backward= 3.86s), a 1.7x speedup.
With ViT-L, where token selection prunes four times over a 24-layer backbone,
SV-TAD requires 9.23GB peak allocated memory per training step (single RTX
3090, batch size 1) vs. AdaTAD’s 13.30GB, a ∼ 31% reduction. Despite SV-
TAD having more parameters than AdaTAD at this scale (361M vs. 346M),
progressively shrinking the token count that reaches self-attention at deeper lay-
ers reduces activation memory enough to outweigh the parameter count, so the
memory advantage of token pruning, like the TFLOPs advantage in Fig. 1, grows
with backbone depth.

Kernel-Level Benchmarks. To verify these end-to-end gains stem from the ker-
nel itself, we isolate the convolution module and benchmark it against dense
convolution (with scatter-gather reconstruction) across temporal resolutions at
kr=0.3.

Kernel-Level Speed. Fig. 5(a) confirms both kernels scale linearly with se-
quence length, but ours operates on only Nkept = kr ·N tokens, yielding consis-
tent speedups: 2× at 768 frames (4ms vs. 8ms) and 1.75× at 6,144 frames (40ms
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Table 2: Dense vs. sparse
convolution on THUMOS-14.

Conv Type Avg.

DenseConv1D 69.60
DenseConv2D 68.83
SparseConv2D 69.35

Table 3: Backbone-matched comparison on
THUMOS-14 with VideoMAEv2-B. All methods
use identical settings. * indicates our reproduction.

Method TFLOPs Avg.

AdaTAD* 17.9 72.15

SV-TAD (No CrossAttn) 10.18 71.80
SV-TAD 10.29 72.44

vs. 70ms). Since sparse adapters sit at every Transformer block, these per-layer
gains compound across the network.

Kernel Memory Scaling. Dense convolution materializes the full H×W×C
grid regardless of sparsity, therefore memory grows linearly with sequence length
(Fig. 5(b)). Ours instead allocates memory proportional to Nkept within a fixed
chunk size, holding peak memory near-constant and yielding a 87% reduction at
6,144 frames (800MB vs. 6GB), enabling sequence lengths that would otherwise
run out of memory.

4.3 Convolution Comparison: Dense vs. Sparse

To isolate the effect of our sparse convolution primitive from other architec-
tural choices (e.g ., 1D vs. 2D convolution), we compare against dense convo-
lution baselines using the same adapter architecture and token selection, with
scatter-gather reconstruction. Only SparseConv2D bypasses reconstruction en-
tirely. For comparison, DenseConv1D is the temporal-convolution adapter iden-
tical to AdaTAD [16]. Table 2 presents this comparison on THUMOS-14 with
the VideoMAE-B backbone.

DenseConv2D vs. SparseConv2D. Both apply a 3×3 spatial convolution over
the same zero-padded grid, yet SparseConv2D outperforms the dense baseline
by +0.52% average mAP. We attribute the gap to numerical divergence, where
implementation differences change the gradient accumulation trajectory over
training. We verify that in FP32 without token selection (kr=1), the gap shrinks
to 0.10%. This shows that SparseConv2D matches dense accuracy while being
substantially more efficient. A detailed analysis is provided in Sec. E of the
supplementary.

DenseConv1D vs. SparseConv2D. DenseConv1D achieves a slightly higher av-
erage mAP (69.60 vs. 69.35, +0.25%), as its temporal kernel directly models
inter-frame dynamics, consistent with AdaTAD [16]; however, this comparison
is conducted under scatter-gather reconstruction, which drastically reduces the
gains obtained by token selection. Implementing an efficient native sparse 1D
temporal kernel, in contrast, is difficult in practice: temporal neighbors reside in
different frame blocks, causing ∼8x larger memory access distances than spatial
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Table 4: Ablation of auxiliary landmark supervision on ATTACH (Person Split) using
VideoMAEv2-B.

Method TFLOPs↓ 0.1 0.2 0.3 0.4 0.5 Avg.

SV-TAD 10.29 20.17 18.69 16.90 14.39 11.25 16.28
SV-TAD + Kp 11.17 22.58 21.10 19.21 16.80 13.76 18.69

neighbors, which breaks cache locality and coalesced warp access (see Sec. G of
the supplementary for a detailed analysis).

4.4 Backbone-Matched Comparison

To isolate the contribution of our sparse convolution framework from backbone
differences, we conducted controlled experiments using the same VideoMAEv2-B
backbone. Table 3 presents this fair comparison on THUMOS-14.

Analysis. The key result is the TFLOPs column: SV-TAD requires only 10.29
TFLOPs (43% fewer than AdaTAD’s 17.9) while maintaining accuracy (72.44%
vs. 72.15%), confirming that native sparse convolutions eliminate reconstruction
overhead without sacrificing quality and translate directly into 2.2x faster in-
ference and 1.7x faster training (Sec. 4.2).

Effect of Cross-Attention for Temporal Recombination. The variant SV-TAD
(No CrossAttn) already achieves the bulk of the computation reduction (10.18
TFLOPs) but drops slightly below AdaTAD in accuracy (71.80% vs. 72.15%). As
shown in Table 2, replacing a temporal 1D convolution with a spatial 2D convo-
lution sacrifices inter-frame modeling: DenseConv1D outperforms DenseConv2D
by +0.77%. Our cross-attention module compensates for this: a single CLS query
aggregates information across retained patches from different frames, recovering
global temporal context, and closes the gap at negligible compute cost (+0.11
TFLOPs). SparseConv2D is also robust to the choice of token-selection criterion
(e.g ., EViT-style attention vs. norm-based), at matched compute (Sec. E of the
supplementary).

4.5 Auxiliary Task Tokens Experiments

Sparse representations create a structural advantage beyond efficiency: since our
framework explicitly tracks which tokens survive selection and their original grid
positions, it naturally enables auxiliary task supervision. Existing convolutional
adapters operate exclusively on the visual feature grid, with no mechanism to
incorporate task-specific tokens. We demonstrate this on ATTACH [1], a fine-
grained assembly actions benchmark. Prior work on ATTACH evaluates only
frame-level classification, we are the first to formulate it as a full TAD problem.

Table 4 shows that adding auxiliary landmark supervision (SV-TAD + Kp,
Sec. 3.3) improves avg. mAP by +2.41% (18.69 vs. 16.28), demonstrating that
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Table 5: Results comparison on ActivityNet-1.3 and THUMOS14 (* indicates mAP
obtained from official logs). Size-matched comparisons are highlighted.

ActivityNet-1.3 THUMOS14

Method Backbone TFLOPs↓ 0.5 0.75 0.95 Avg. TFLOPs↓ 0.3 0.4 0.5 0.6 0.7 Avg.

AFSD [15] I3D — 52.40 35.30 6.50 34.40 — 67.3 62.4 55.5 43.7 31.1 52.0
E2E-TAD [18] SlowFast-R50 82.48 50.47 35.99 10.33 34.10 82.48 69.4 64.3 56.0 46.4 34.9 54.2
BasicTAD [28] SlowOnly-R50 — 51.20 33.41 7.57 33.12 — 75.5 70.8 63.5 50.9 37.4 59.2
TALLFormer [4] VideoSwin-B — 54.10 36.20 7.90 35.60 — 76.0 70.0 63.2 — 34.5 59.4
Re2TAD [33] Re2VSwin-T — 54.75 37.81 9.03 36.80 — 77.0 71.5 62.4 49.7 36.3 59.4
LoSA [9] VMAEv2-G 132 58.5 39.8 7.80 38.6 132 85.0 81.1 74.5 65.1 49.3 71.0
ViT-TAD [29] ViT-B — 55.87 38.47 8.80 37.40 — 85.1 80.9 74.2 61.8 45.4 69.5
AdaTAD [16]* VMAE-B 8.05 56.66 39.49 9.38 38.31 17.90 85.58 81.40 74.31 63.04 49.00 70.67
AdaTAD [16]* VMAE-L 27.42 57.68 40.52 9.96 39.18 59.40 87.11 83.65 76.84 66.82 53.07 73.50
AdaTAD [16]* VMAEv2-G 83.59 57.40 40.44 9.78 39.20 176.87 87.50 84.02 77.61 67.05 53.19 73.87

SV-TAD VMAEv2-B 4.75 57.09 39.97 9.77 38.80 10.29 87.54 83.24 75.28 65.54 50.61 72.44
SV-TAD VMAEv2-L 10.10 58.40 40.81 9.76 39.58 21.25 87.26 83.80 77.22 66.21 52.85 73.47
SV-TAD InternVideoNext-L 34.00 58.79 41.30 10.41 40.06 87.05 88.38 84.40 78.22 66.82 52.85 74.13

the sparse adapter’s cross-attention injection point is an effective channel for
multitask supervision. We provide a detailed ablation of these results in the
supplementary material (Sec. F). Sec. E of the supplementary also validates
that SparseConv2D generalizes beyond TAD, to image-to-video adaptation on a
frozen CLIP ViT-B/16.

4.6 Comparison with State-of-the-Art

Table 5 compares SV-TAD with recent TAD methods on ActivityNet-1.3 and
THUMOS-14. The TFLOPs for SV-TAD and AdaTAD [16] are for input with
the same number of frames for each data set. For fair comparison, we report
AdaTAD last-epoch test mAP from the authors’ publicly released training logs.

In THUMOS-14, SV-TAD with VideoMAEv2-B requires 43% fewer TFLOPs
than AdaTAD [16] (10.29 vs. 17.9) while achieving 72.44% average mAP, sur-
passing AdaTAD’s 70.67% by +1.77%. We note that ViT-TAD’s 69.5% with
ViT-B is obtained under a substantially reduced input regime (256 frames at
160×160 vs. our 768 frames at 224×224), and its full fine-tuning design prevents
scaling beyond ViT-B. Scaling to ViT-L widens the efficiency gap: SV-TAD
uses 64% fewer TFLOPs (21.25 vs. 59.4) while matching AdaTAD’s accuracy
(73.47% vs. 73.50%), demonstrating that our efficiency gains grow with model
size.

When scaling to InternVideoNext-L, the efficiency advantage becomes most
pronounced. On THUMOS-14, SV-TAD requires only 87.05 TFLOPs vs.176.87
for AdaTAD’s billion-parameter VMAEv2-G, while surpassing its 73.87% Avg.
mAP by +0.26%: a Large-sized backbone with native sparse convolutions sur-
passes Giant-level performance at half the computational cost. On Activity-
Net-1.3, SV-TAD with VideoMAEv2-B uses 41% fewer TFLOPs (4.75 vs.
8.05) while achieving 38.80% average mAP, surpassing AdaTAD (38.39%) by
+0.41%. The most compelling result is with InternVideoNext-L: SV-TAD re-
quires 59% fewer TFLOPs (34 vs. 83.59) while achieving 40.06% average
mAP, surpassing AdaTAD with VMAEv2-G (39.20%) by +0.86% at every IoU
threshold (Table 5). To isolate this gain from the backbone switch itself, we also
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run AdaTAD with the same InternVideoNext-L backbone: it reaches 39.72% av-
erage mAP at 95.3 TFLOPs, confirming that, at matched backbone, SV-TAD
still cuts compute substantially (34 vs. 95.3 TFLOPs) while improving accuracy
(+0.34%), so the gains stem from SV-TAD itself rather than from the choice of
backbone.

5 Conclusion

We introduced a native sparse 2D convolution primitive that enables convolu-
tional adapters to operate on dynamically pruned token sets without reconstruct-
ing the dense spatial grid. This makes sparsity effective across the entire model
rather than only within attention layers. Integrated into our SV-TAD frame-
work, this design yields substantial reductions in compute and inference time
while maintaining or improving detection accuracy across multiple benchmarks.

Crucially, the gains grow with model capacity: with ViT-L, we match top
performing accuracy at 64% fewer TFLOPs, while with InternVideoNext-L we
set a new state of the art on both THUMOS-14 and ActivityNet-1.3, achieving
the best accuracy while requiring roughly half the compute (51% and 59% fewer
TFLOPs, respectively). In ATTACH, auxiliary landmark supervision enabled
by the sparse adapter’s cross-attention injection point, sets a new state of the
art and improves our baseline model by +2.41% mAP, demonstrating that the
framework extends naturally to multitask learning on fine-grained assembly.

Beyond temporal action detection, our primitive is applicable wherever con-
volutional modules follow token selection in Vision Transformers, including spa-
tial adapters, feature pyramid networks, and task-specific heads.

Limitations and Future Work. Our implementation targets NVIDIA GPUs; port-
ing to other accelerators requires replacing the backend, although the core al-
gorithm is architecture-agnostic. Additionally, the sparse kernel becomes faster
than its dense counterpart only below the ∼55% keep rate (Fig. 3), so the primi-
tive is most beneficial when progressive pruning through the layers is acceptable.
Exploring learned, content-adaptive keep-rate schedules and extending the prim-
itive to 3D spatio-temporal neighborhoods are promising directions for future
work.
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