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005 005

Abstract. Video object segmentation methods that rely on dense frame-006 006

to-memory attention scale poorly with sequence length, since every query007 007

location attends to every stored feature regardless of relevance. We in-008 008

troduce SparseFlow, a cross-modal sparse attention mechanism that re-009 009

stricts memory lookups to a dynamically predicted neighborhood, cut-010 010

ting attention floating-point operations by an order of magnitude while011 011

retaining segmentation accuracy. SparseFlow couples a lightweight rel-012 012

evance predictor with a similarity-gated attention kernel, and further013 013

fuses appearance and motion cues through a shared sparse index rather014 014

than two independent branches. On two video segmentation benchmarks,015 015

SparseFlow matches or exceeds the mean intersection-over-union of dense-016 016

attention baselines while running at 2.6× the frame rate on a single017 017

accelerator. We release ablations isolating the contribution of sparsity018 018

scheduling, cross-modal fusion, and memory-bank pruning.019 019

Keywords: video object segmentation · sparse attention · memory net-020 020

works021 021

1 Introduction022 022

Semi-supervised video object segmentation (VOS) asks a model to propagate an023 023

initial object mask through an entire video given only the annotation on the first024 024

frame. The dominant recipe stores encoded features from previously segmented025 025

frames in a memory bank and retrieves them at every query location through026 026

dense cross-attention [1,3]. Dense retrieval is accurate because every query can,027 027

in principle, attend to the single most informative memory slot, but its cost028 028

grows linearly with the number of stored frames and quadratically with spatial029 029

resolution, which makes long, high-resolution sequences impractical on a single030 030

accelerator.031 031

A natural remedy is sparsity: restrict each query to a small, relevant subset032 032

of memory. Prior sparse-attention work in dense prediction largely targets a033 033

single modality, either appearance or motion, and applies a fixed sparsity pattern034 034
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chosen at design time [7, 8]. We observe that appearance and motion cues are035 035

useful at different times during a video — appearance dominates near object036 036

boundaries after a long static period, while motion dominates during fast, non-037 037

rigid deformation — so a single fixed pattern under-uses one modality or the038 038

other throughout the sequence.039 039

SparseFlow addresses this with a shared sparse index: a lightweight relevance040 040

predictor scores memory slots using both appearance and motion embeddings041 041

jointly, and only the highest-scoring slots are expanded into full attention keys042 042

and values. Because the index is shared, the model can shift emphasis between043 043

modalities frame-by-frame without maintaining two separate retrieval pipelines.044 044

Our contributions are:045 045

– A cross-modal relevance predictor that produces a single sparse index over a046 046

joint appearance-motion memory bank, avoiding duplicate retrieval passes.047 047

– A similarity-gated attention kernel (Eq. 1) that provably reduces attention048 048

FLOPs while bounding the drop in retrieved-key coverage.049 049

– An empirical study on two benchmarks showing that SparseFlow reaches050 050

2.6× the frame rate of dense-attention baselines at matched or better mean051 051

intersection-over-union.052 052

2 Related Work053 053

Memory-based video segmentation. Space-time correspondence networks054 054

store per-frame keys and values and retrieve them with dense attention at every055 055

decoding step [3]. Follow-up work reduces memory growth by periodically com-056 056

pacting the bank [1] or by associating tracked objects with transformer queries057 057

that persist across frames [6]. Decoupled approaches separate tracking from mask058 058

decoding entirely, trading some accuracy for open-world generalization [9]. All059 059

of these methods retain dense attention over the retained memory, which is pre-060 060

cisely the cost SparseFlow targets.061 061

Sparse and efficient attention. Sparsity has been used to accelerate trans-062 062

formers in classification and detection by restricting attention to local windows063 063

or a fixed stride [2], and a broader survey catalogs efficient-attention variants for064 064

dense vision tasks [7]. Closest to our setting, learned sparse patterns for dense065 065

prediction select keys via a content-dependent gate rather than a fixed geometric066 066

pattern [8], though this line of work considers a single input modality. Sparse-067 067

Flow extends learned sparsity to a joint appearance-motion memory, which is,068 068

to our knowledge, not addressed by prior sparse-attention formulations for VOS.069 069

Cross-modal fusion. Referring video segmentation fuses visual and lin-070 070

guistic features through cross-attention blocks that remain dense over the visual071 071

tokens [5]. Earlier recurrent memory formulations propagate a single fused hid-072 072

den state across frames rather than an explicit key-value store [4]. SparseFlow073 073

differs in fusing modalities before the sparsity decision, so the relevance predic-074 074

tor — not a downstream attention block — is what reconciles appearance and075 075

motion.076 076
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3 Method077 077

SparseFlow follows the encode–retrieve–decode structure common to memory-078 078

based VOS (Fig. 1), replacing the retrieval step with a cross-modal sparse vari-079 079

ant.080 080

3.1 Joint Appearance-Motion Memory081 081

For frame t, an appearance encoder Ea and a motion encoder Em produce fea-082 082

ture maps that are projected into a shared embedding space of dimension d and083 083

concatenated per spatial location into a single memory slot mi ∈ Rd. The mem-084 084

ory bank M = {mi}Ni=1 therefore has one entry per spatial location per stored085 085

frame, rather than one bank for appearance and a second for motion.086 086

3.2 Cross-Modal Sparse Attention087 087

For a query location q with embedding q ∈ Rd, a lightweight relevance predictor088 088

gθ scores every memory slot with a low-rank bilinear form, and only slots whose089 089

score exceeds a per-query adaptive threshold τq are retained as the neighborhood090 090

N (q). Attention is then computed only over N (q):091 091

αqi =
exp

(
q⊤ki/

√
d
)
· ⊮[gθ(q,mi) > τq]∑

j∈N (q)

exp
(
q⊤kj/

√
d
) . (1)092 092

The threshold τq is set so that |N (q)| never exceeds a fixed budget k, which093 093

bounds worst-case attention cost at O(Nk) instead of O(N2). We find k as094 094

small as 32 out of memory banks holding several thousand slots is sufficient095 095

once relevance scoring is trained end-to-end (Sec. 4), because gθ quickly learns096 096

to route appearance-dominant queries toward appearance-rich slots and motion-097 097

dominant queries toward motion-rich slots without an explicit modality label.098 098

3.3 Training Objective099 099

We train gθ jointly with the segmentation decoder using a combination of the100 100

standard cross-entropy mask loss Lmask and an auxiliary coverage loss Lcov that101 101

penalizes the predictor when it excludes a slot that a dense attention oracle102 102

(computed on a random 10% of training steps only, for efficiency) would have103 103

weighted highly:104 104

L = Lmask + λLcov, λ = 0.1. (2)105 105

Without Lcov the predictor collapses to a narrow, purely appearance-driven106 106

neighborhood; the ablation in Sec. 5 quantifies this effect.107 107
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Table 1: Comparison on MeridianVOS and ApexTrack-400. FPS is measured at 480p
on a single accelerator, averaged over the test split. Best result per column in bold.

MeridianVOS ApexTrack-400

Method J (%) F (%) J&F J (%) F (%) J&F FPS

STCN-lite [3] 82.1 84.6 83.4 74.8 76.2 75.5 22.4
XMem-S [1] 83.4 85.9 84.7 76.1 77.5 76.8 27.1
AOT-T [6] 84.0 86.3 85.2 76.9 78.0 77.5 25.8

SparseFlow (ours) 84.3 86.7 85.5 77.6 78.9 78.3 70.6

4 Experiments108 108

4.1 Datasets109 109

We evaluate on MeridianVOS, a 480-video benchmark with an average of 74110 110

frames per clip and dense multi-object annotations, and ApexTrack-400, a 400-111 111

video benchmark emphasizing fast non-rigid motion and frequent occlusion. Both112 112

follow the standard semi-supervised protocol: the first-frame mask is given, and113 113

the model predicts masks for every subsequent frame. We report mean Jaccard114 114

index J , boundary F-measure F , and their average J&F , alongside inference115 115

frame rate on a single accelerator at 480p.116 116

4.2 Baselines and Implementation117 117

We compare against three dense-attention memory baselines re-implemented118 118

under an identical training schedule: a lightweight space-time correspondence119 119

network (STCN-lite, following [3]), a compacted memory transformer (XMem-120 120

S, following [1]), and a tracking-associated transformer (AOT-T, following [6]).121 121

All models, including SparseFlow, use the same backbone and are trained for122 122

120k iterations with a batch size of 16, an initial learning rate of 3 × 10−4123 123

decayed with a cosine schedule, and the same augmentation pipeline (random124 124

affine, color jitter, and cutout). SparseFlow uses embedding dimension d = 128,125 125

retrieval budget k = 32, and λ = 0.1 unless stated otherwise.126 126

5 Results127 127

Table 1 summarizes the main comparison. SparseFlow matches or slightly ex-128 128

ceeds all three dense-attention baselines on both benchmarks while running at129 129

2.6–3.2× their frame rate. The gain is largest on ApexTrack-400, where frequent130 130

occlusion produces long stretches in which most stored memory slots are stale;131 131

a sparse, content-dependent neighborhood avoids wasting attention capacity on132 132

those slots, whereas dense attention must down-weight them at every query.133 133

Table 2 isolates each component. The coverage loss contributes 1.4 points134 134

of J&F at negligible frame-rate cost, confirming that it prevents the predictor135 135
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Table 2: Ablation on MeridianVOS. Removing cross-modal fusion or the coverage loss
Lcov degrades J&F ; a fixed sparsity budget without learned relevance is worse still.

Variant J&F FPS

Full SparseFlow 85.5 70.6
w/o Lcov 84.1 71.0
w/o cross-modal fusion (appearance only) 82.9 73.4
Fixed stride pattern, k = 32 80.6 69.8
Dense attention (no sparsity) 85.6 24.1

from collapsing onto a narrow appearance-only neighborhood. Replacing cross-136 136

modal fusion with an appearance-only memory costs a further 1.2 points, and a137 137

fixed geometric sparsity pattern — the closest prior approach [8] adapted to our138 138

memory layout — loses 4.9 points relative to the full model, which suggests that139 139

content-dependent selection, not sparsity alone, is responsible for most of the140 140

accuracy retained. Notably, removing sparsity altogether (dense attention over141 141

the full joint memory) recovers only 0.1 additional points of J&F at roughly one142 142

third the frame rate, indicating that the sparse neighborhood already captures143 143

nearly all attention mass that matters for the final mask.144 144

6 Discussion145 145

The results suggest that the accuracy cost of sparsity in VOS is small once the146 146

sparsity pattern is learned jointly with the task rather than fixed a priori, and147 147

that the main benefit of cross-modal fusion is not raw accuracy but robustness148 148

during occlusion, where a single modality’s memory becomes unreliable. Two149 149

limitations are worth noting. First, the relevance predictor gθ is trained with an150 150

auxiliary dense-attention oracle on a subset of steps, which adds training-time151 151

overhead that does not appear in our reported inference FPS; a fully sparse152 152

training regime is left to future work. Second, our retrieval budget k is fixed153 153

across the whole sequence; videos with many simultaneously visible objects may154 154

benefit from a budget that scales with the number of active tracks rather than a155 155

constant per-query value. We also observed that SparseFlow’s advantage narrows156 156

on short clips (under 20 frames), where the memory bank is small enough that157 157

dense attention is already cheap; sparsity mainly pays off as sequence length158 158

grows, which matches our motivating use case of long, uncut video.159 159

7 Conclusion160 160

We presented SparseFlow, a cross-modal sparse attention mechanism for video161 161

object segmentation that fuses appearance and motion into a single memory162 162

bank and retrieves from it through a learned, content-dependent sparse neigh-163 163

borhood. Across two benchmarks, SparseFlow matches dense-attention accuracy164 164
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at a fraction of the attention cost, and our ablations indicate that learned rel-165 165

evance, rather than sparsity in isolation, drives this result. We plan to explore166 166

sequence-adaptive retrieval budgets and a fully sparse training procedure as di-167 167

rections for future work.168 168
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Video frame t

Appearance / motion encoders

Joint memory bank M

Relevance predictor gθ + sparse attention

Mask decoder

Output mask t

Fig. 1: SparseFlow pipeline. Appearance and motion features are fused into a single
memory bank; a shared relevance predictor selects a sparse per-query neighborhood
before attention and decoding. The predicted mask is re-encoded and written back to
the memory bank for subsequent frames.
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