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Abstract— Perception tasks for navigation in robotics, includ-
ing aerial platforms such as drones and autonomous driving
systems, are inherently structured. Drone-mounted cameras
typically capture sky above, terrain below, and obstacles or
man-made structures in between, while driving data often
contains organized road layouts, lane markings, and surround-
ing agents. Motivated by these axis-aligned structural priors,
we note that such information is typically more structured
than in generic image tasks. We hypothesize that processing
information in a quadtree-esque manner can not only model
features effectively in a hierarchical manner, but also offers an
efficient linear-time alternative to vanilla attention mechanisms,
which run in quadratic time. In this paper, we propose Sibling-
Selective Quadtree Attention (SSQA), which models image
tokens hierarchically as a structured, full quadtree. We show
analytical complexity analysis that guarantees linear-time fea-
ture modeling, in addition to empirical experiments comparing
inference speeds with other popular modeling approaches, such
as Mamba 2 and Quadtree Attention. Our results, benchmarked
across several tasks, show that we achieve results at least as
good, if not notably better, as others at a fraction of the
computational costs.

I. INTRODUCTION

Perception tasks in computer vision face numerous sources
of noise during deployment in autonomous driving and
robotics under adverse weather, low-light conditions, and
frequent occlusions. While state-of-the-art perception and
end-to-end models perform well in the most common, nor-
mal settings, given large datasets and a high number of
parameters, the capability of such systems to scale to unseen
domains remains a challenge – both in compute feasibility
and in performance.

Motivated by the challenge of scaling deep learning for
autonomous perception, we observe that camera and re-
mote sensing data from aerial navigation is typically more
structured than generic image tasks. For example, as in a
remote sensing dataset, aerial imagery often contains sky
regions near the top, terrain near the bottom, and man-made
structures or vegetation in between. This inherent structure
can be leveraged during training as a prior to improve conver-
gence and generalization, particularly for drone perception
and navigation.
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Fig. 1: Mean Epoch Wall Times (s) across 50 epochs on
IllusionAnimals classification (2242 inputs) on A100 GPU.
Despite other methods also modeling attention in linear time,
a practical caveat is the lack of compute optimization in
practice. As a result, some methods are even slower than
vanilla ViT [6] out-of-the-box from official implementations.
SSQA is both easy to integrate and requires no additional
practical optimizations, our results show that SSQA main-
tains or even improves performance over other hierarchical
modeling baselines.

Currently, state-of-the-art perception models apply vari-
ations of hierarchical attention to encode information at
both low and high granularity levels [1], [2]. Specifically,
alternatives such as Linear Transformers [3] and Mamba [4],
[5] have been investigated as efficient linear alternatives to
the vanilla Transformer. However, such approaches often
trade modeling capacity for efficiency, and may not yield
practical speedups without specialized optimization.

In this paper, we propose a compute efficient,
performance-preserving attention mechanism based on
quadtree organization of information density within the
scene, inspired by the structured nature of navigation and
remote sensing data. The key difference that distinguishes
our work from previous efforts in efficient transformer
alternatives is the observation that optimizations in
efficiency stem from priors. Our hypothesis is that some
pairwise token comparisons are more useful than others,
and that most task features are axis-aligned and can thus be
processed hierarchically as a structured tree.

In aerial robotics, perception emphasizes large-scale scene
understanding, where drone-mounted cameras typically cap-
ture sky regions above, terrain below, and obstacles or man-
made structures in between. In autonomous driving, systems
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must interpret and combine structured cues such as road
layout, lane markings and surrounding moving agents to en-
sure safe operation. Our Sibling-Selective Quadtree Attention
(SSQA) is designed to exploit this kind of inherent spatial
organization, enabling efficient and robust representation
learning across diverse tasks.

By organizing objects or regions into a hierarchical
quadtree structure, we can model an approximate priority
based on spatial relevance. For instance, in aerial robotics we
may wish to emphasize nearby terrain features or potential
obstacles, or specific segmentation fields over the others for
navigation. Similarly, in autonomous driving, closer agents
such as pedestrians or vehicles demand more attention than
those further away. Conveniently, quadtrees also split an
image into a hierarchy of patches, which can be modeled
as tokens in image transformers, making this representation
well-suited for efficient perception in robotics.

To formalize this idea, we propose a hierarchical attention
mechanism for autonomous perception called the Sibling-
Selective Quadtree Attention (SSQA). Intuitively, we orga-
nize tokens into a quadtree hierarchy, where each parent
cell aggregates information from its children. Within each
sibling group, A lightweight saliency-based Top-k filtering
adaptively selects the most informative sibling interactions.
This design provides a principled form of structured sparsity:
attention cost grows nearly linearly, while interpretability
is retained through explicit hierarchical grouping. Crucially,
global receptive fields are preserved via communication
between parent agents across levels, making the model both
efficient and expressive.

In summary, the key contributions of this work include:
• We propose Sibling-Selective Quadtree Attention

(SSQA), a hierarchical attention mechanism with
constant-size sibling interactions and bottom–up aggre-
gation (§III).

• We introduce Cross-Injection Fusion, a gated residual
mechanism that injects parent evidence back to children,
preserving suppressed information (§III-C).

• We extend SSQA with plug-in guidance: (i) Agent-
Based SSQA (Image Field) using detector/box-driven
dynamic sparsity (§III-E), and (ii) Agent-Based SSQA
(Signal Field) using Fourier-based refinement that fo-
cuses computation in high-frequency regions (§III-F).

• We integrate SSQA into a state-of-the-art end-to-end
driving model (TransFuser [7]) and achieve the highest
average score on the CARLA benchmark across 14 sce-
narios against baseline and the other top down quadtree.

II. RELATED

A. Efficient Attention in Vision Transformers

The original Vision Transformer (ViT) showed that im-
ages can be tokenized into a fixed size patch grid and
processed with global self-attention where each patch attends
to one another, but the quadratic cost makes high-resolution
tasks expensive [6]. DeiT [8] reduced data and compute
via distillation and training strategies rather than architec-
tural changes. Hierarchical backbones such as PVT [9] and

Swin [1] control cost via pyramids and shifted windows. For
dense prediction, DPT couples a ViT backbone with multi-
scale decoding to recover detail [10].

B. Approximate, Sparse Attention

Another line of work accelerates attention by either
modifying the similarity kernel (the function that scores
query–key pairs) or by imposing a sparsity pattern that
limits which token pairs can interact, yielding near-linear
scaling with the number of tokens. Linformer uses low-rank
projections [11]; Performer kernelizes softmax via random
features [12]; Reformer uses “locality sensitive hashing”
(LSH) to restrict matches [13]. Longformer and BigBird
impose sliding-window and global tokens with theoretical
guarantees [14], [15]; Sparse Transformers pioneered fixed
strided patterns [16]. FNet replaces attention with Fourier
mixing [17]. These approximations trade some fidelity or
flexibility for speed, which are effective for classification
and dense tasks, but they may under-utilize fine spatial
structures. In our work, we seek to maintain or even improve
performance while optimizing modeling efficiency.

C. Token Pruning and Merging

A complementary strategy reduces the token count itself.
DynamicViT prunes redundant tokens progressively and dy-
namically based on the input [18]; EViT reorganizes tokens
to emphasize salient regions [19]; TokenLearner learns a
small, content-adaptive set of tokens [20]; ToMe merges
similar tokens on-the-fly [21]; ATS performs content-aware
sampling [22]. These strategies reduce computations, yet still
rely on global or windowed mixing among tokens.

D. Quadtree and Hierarchical Data Structures

Classical quadtrees recursively decompose space into
quadrants based on informative regions [23]. Quadtree At-
tention brings this idea into transformers by building token
pyramids and restricting fine-level attention to regions se-
lected at coarser levels, moving complexity from quadratic to
linear, while retaining salient context [24]. Our work follows
this hierarchical principle, but differs in how selection and
aggregation are organized, to be described in § III. In
short, Quadtree Attention [24] processes tokens in a top-
down manner, where only top-k salient patches are further
subdivided into smaller resolutions. As a result, depending
on the k hyperparameter, it is possible that sparser details
may be neglected with this top-down approach. Our model
addresses this by proposing an alternative bottom-up gating
approach with quadtrees with soft weighting, ensuring that
all features have opportunity to be represented, even those
with smaller pixel area. A visualization of this comparison
can be found in Figure 2.

E. Structure-Guided Attention and Matching

Task-driven evidence supports geometry-aware interaction
constraints. SuperGlue attends over sparse keypoints with
a graph-matching head [25], while LoFTR achieves dense,
detector-free correspondence by combining global context
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Fig. 2: Top-Down vs. Bottom-Up Gating; Squares indicate leaf nodes. Our work has a key difference from previous work
in hierarchical quadtree-based attention approaches: bottom-up gating. Previous works (a) avoid subdivisions into tokens
with smaller granularity if possible by selecting top-k tokens with highest saliency during training. As a result, tokens on
the same level outside of top-k saliency neglect hierarchical reasoning, even if there agents present in those patches. For
example, in a driving scene, one patch may have a higher density of pedestrians, but it shouldn’t imply less attention on the
single agent falling outside of the same patch. In our approach, we model features from bottom-up, ensuring that features
are modeled hierarchically across the entire image. Doing so not only improves performance on various benchmarked tasks,
but also maintains linear complexity with respect to number of tokens (shown in §III-G).

and local refinement [26]. These show that imposing struc-
ture on interactions can improve accuracy and efficiency,
motivating our sibling-group attention and bottom-up fusion.

F. Positioning and Differences from Prior Work

Relative to windowed/backbone hierarchies [1], [9] and
approximate/sparse kernels [11]–[17], our approach orga-
nizes attention within quadtree sibling groups, where a
lightweight saliency score weights the aggregation of chil-
dren tokens in constant-size groups. Through aggregation of
children token features, we form a compact parent token
representation, which is then fused back to all siblings
(bidirectional information exchange), before passing parent
features upward to the next parent level. Unlike Quadtree
Attention [24], which ranks across larger regions and goes
deeper down into the trees, our selection is strictly local
(per-sibling group) from a pre-constructed, and normally
smaller tree depth compared to theirs, but with constant
interaction size; our bottom-up bank and temperature-gated
global fusion aggregate information across levels. With fixed
sibling size, depth, and k, the number of interactions per
level is constant, so the overall cost scales linearly with the
number of patches.

III. METHODOLOGY

We present Sibling-Selective Quadtree Attention (SSQA)
together with a hierarchical agent-based self-attention mod-
ule, where “agents” correspond to objects in the scene.
SSQA works on its own, and can also consume agentness
signals in two complementary forms: (i) Agent-Based SSQA
(Image Field) using detector cues such as bounding boxes
or SAM-derived heatmaps, and (ii) Agent-Based SSQA
(Signal Field) using Fourier saliency maps obtained from

FFT-based high-pass filtering. These signals bias local sibling
interactions and drive optional adaptive refinement. At each
level for SSQA, the patch grid is partitioned into 2×2
sibling groups; each child interacts only within their group
via constant-size attention, updated children are summarized
into a parent, and parents propagate information upward.
This replaces global N×N interactions with within-quad
attention and bottom–up aggregation. Throughout our main
experiments, we use a fixed 2×2 pyramid with a soft top-k
mask over sibling logits (no external cues). The image-field
and signal-field agentness variants are presented as optional
extensions.

A. Notation

Patches and embedding. An input image is split into
N=h×w patches (height h, width w). A ViT-style patchifier
ϕ maps patches to Z ∈ RN×D, where D is the channel
(feature) dimension.
Heads. We use H attention heads; per-head width is
dh=D/H .
Hierarchy. A quadtree over an h×w grid halves spatial
resolution per level ℓ = 1, . . . , L. Each level contains Gℓ

sibling groups of 4 children (Nℓ = 4Gℓ). Totals are SG =∑
ℓ Gℓ and SN = 4SG.
For the fixed 2×2 pyramid, Gℓ = hw

4ℓ
and L =

⌊log2 min(h,w)⌋.
Soft top-k. Within a 2×2 group, we keep the k largest logits
in each query row and clamp the others to a small, data-
dependent floor (e.g., mean minus a multiple of the row
standard deviation) before softmax. We use k∈{2, 3} unless
stated otherwise. During training, τgrp and τpool are linearly
annealed from 2.0 to 1.10.
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B. Patch Projection and Sibling Buffers for SSQA

Since we have N=h×w patches, D-dimensional features.
We compute Z = ϕ(image) and precompute sibling index
buffers. At level ℓ, for each group g, the buffer lists the
four child indices {ig,1, . . . , ig,4} so we can gather X ∈
R4×D by pure indexing (no data-dependent control flow). We
consider (i) a fixed pyramid using deterministic 2×2 tiling
by repeated integer halving, yielding L = ⌊log2 min(h,w)⌋
and Gℓ = hw

4ℓ
, and (ii) an adaptive variant where detector-

/Fourier-guided saliency alters per-image depth and group
counts (G′

ℓ); buffers can be cached.

C. Pairwise Sibling Attention with Cross-Injection Fusion
for SSQA

At hierarchy level ℓ, consider one sibling group g with its
four child tokens stacked as X ∈ R4×D (rows are children;
D is the feature dimension). We use H attention heads, each
of width dh=D/H .

a) One shared projection for Q, K, V.: We apply a
single linear projection Wqkv ∈ RD×3D to obtain

Q,K,V ∈ R4×D.

b) Within-quad attention (4×4, per head).: Split
Q,K,V ∈ R4×D into H heads: Q(h),K(h),V(h) ∈ R4×dh

with dh = D/H and h = 1, . . . ,H . For each head, the
scaled dot-product logits are

A(h)[i, j] =
⟨Q(h)

i,: , K
(h)
j,: ⟩√

dh
, i, j ∈ {1, 2, 3, 4}.

Soft top-k (default). For each head, we retain the k largest
logits in every query row of A(h) and clamp the others to a
small data-dependent floor. The masked logits are scaled by
τgrp and stabilized before row-wise softmax normalization.
Top-k entries dominate while gradients remain nonzero for
all siblings.
Next, mix values within the group (still per head),

M(h) = W(h) V(h) ∈ R4×dh ,

so each child’s updated representation is a weighted blend of
the four value vectors for that head (a convex combination
per row).
Finally, concatenate heads along the channel dimension to
get the updated children:

X̂ = ConcatHh=1 M
(h) ∈ R4×D.

Concatenation restores the full D channels, yielding four
updated child tokens. All communication was local within
a 2×2 group—no global N×N mixing—and the per-head
attention remained 4×4, giving constant compute per group.

c) Cross-Injection Fusion: At this stage, we have the
original children X ∈ R4×D and their attention-updated
versions X̂ ∈ R4×D. To avoid blindly replacing one with
the other, we blend them with a gated residual:

X̃ = X+ γ σ(XWg)⊙ (X̂−X),

where Wg ∈ RD×D is a shared projection, σ(·) is a sigmoid,
and is a learned scalar constrained to a bounded interval

for numerical stability. Each child learns per-channel gates
telling how much of the update to accept (open the gate) or
to ignore (close the gate). Let x̃c ∈ RD denote the c-th row
of X̃.

d) Lightweight per-child MLP.: Each child is then
refined independently with the same two-layer feed-forward
network: LayerNorm → Linear(D → 3D) → GELU →
Dropout → Linear(3D → D) → Dropout. The output is
added back via a scaled residual connection,

X̃← X̃+ ηMLP(LN(X̃)),

where η = 0.5 is a fixed residual scaling coefficient. This
acts like a small local transformer block at the sibling level,
adding nonlinearity and channel mixing without high cost.

e) Parent and summary.: Finally, we summarize the
group by averaging its four children:

h(ℓ)
g = 1

4

4∑
c=1

LN(x̃c).

This summary is cached for global gating (Sec. III-D),
and—after LayerNorm and a linear projection—becomes the
parent token that moves up to the next level:

op = Linear(LN(h(ℓ)
g )).

The resulting parent token serves as the input representation
at level ℓ+ 1.

D. Bottom–Up Aggregation and Global Gating for SSQA

We use a pooling temperature τpool ≥ 1.10 for global
aggregation. Let T =

∑L
ℓ=1 Gℓ denote the total number of

sibling groups across all levels. We concatenate all group
summaries h

(ℓ)
g into

F ∈ RT×D,

where each row is the D-dimensional representation of one
sibling group.

We then compute a set of scalar importance scores:

π = Fwp ∈ RT , w = softmax
(
π/τpool

)
,

where wp ∈ RD×1 is a learned projection that compresses
each group vector into a single score. The vector π contains
these raw scores, and the softmax turns them into a probabil-
ity distribution w that highlights the most influential groups
while still keeping every group nonzero.

Next we form a global summary vector:

r =

T∑
t=1

wt Ft + λ 1
T

T∑
t=1

Ft,

which is a weighted average of group features according to
importance weights wt, plus a small uniform residual (with
λ = 0.1) to prevent the model from ignoring weaker groups
completely. Intuitively, r is the single “consensus” feature
vector that carries information from all quads, with more
focus on the ones judged important.

Finally, a linear classifier maps r to task logits.
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Algorithm 1 SSQA (one forward pass; optional guided/FFT
hook)

1: Z← ϕ(image) {ViT patch embedding}
2: Precompute quad groups {G(ℓ)}Lℓ=1

3: for ℓ = 1 to L do
4: for each group g ∈ G(ℓ) do
5: X ∈ R4×D {gather siblings}
6: X̄← LN(X) {pre-LN}
7: [Q,K,V]← X̄Wqkv {split into H heads}
8: A← QK⊤/

√
dh (+ optional bias)

9: soft top-k: row-wise keep top-k, clamp others, scale
by τgrp, subtract row max

10: X̂← softmax(A)V {within-quad attention}
11: G← σ(XWg)

12: X̃← X+ γG⊙ (X̂−X) {CIF}
13: X̃← X̃+ ηMLP(LN(X̃))

14: h
(ℓ)
g ← 1

4

∑
c LN(x̃c); op ← Linear(h

(ℓ)
g )

15: end for
16: children ← parents {op}
17: end for
18: F← concat({h(ℓ)

g })
19: w← softmax((Fwp)/τpool)
20: return head

(∑
t wtFt + λ 1

T

∑
t Ft

)
E. Agent-Based SSQA (Image Field)

We first try to bias SSQA toward agents via a single
heatmap H ∈ [0, 1]h×w aligned with the patch grid (each
cell corresponds to one image patch). The heatmap can be
constructed from masks/saliency (e.g., SAM masks, merged
and downsampled to the patch grid) or detector boxes (e.g.,
YOLO bounding boxes rasterized to grid cells; optional with
higher overhead). Both constructions operate in the spatial
(image) domain.

a) Agent-biased sparsity.: For each 2×2 sibling group
g, let hg,1..4 denote the corresponding heatmap values. We
compute a group score

sg = α max(hg,1..4) + (1− α)mean(hg,1..4),

and determine the retained sibling count

kg = kmin +
⌊
(kmax − kmin) s

γ
g

⌋
, 1 ≤ kg ≤ 4.

Attention within group g is restricted to the top-kg children.
b) Adaptive refinement.: Optionally, we adapt the

quadtree by subdividing nodes whose heatmap mass exceeds
a threshold τH up to depth Lmax, yielding spatially adaptive
refinement.

F. Agent-Based SSQA (Signal Field)
We derive a Fourier high-pass saliency map and pool it to

the patch grid, yielding spectral scores H (flattened as h).
a) HP-biased Selection and Pooling.: We bias within-

group logits and global gating as

sc ← sattn
c + αhp hc, (1)

π ← Fwp + β h̄, (2)

where hc denotes the spectral response of child c and h̄
aggregates group-wise high-pass scores.

b) HP-guided Adaptive Buffers.: We optionally con-
struct adaptive pyramids by subdividing cells with large high-
pass statistics until depth Lmax, reducing active groups in
smooth regions.

G. Complexity Analysis for SSQA

a) Preprocessing: Patch embedding costs O(ND).
Fixed buffers are built once by integer halving (O(Lhw)).
The image-field agent map (Sec. III-E) is obtained once
per image from external detectors or mask generators (e.g.,
YOLO boxes or SAM masks) and cached on the patch
grid. The Fourier map (Sec. III-F) costs O(2242 log 224)
for 2-dimensional FFT and O(2242) for pooling; it is also
performed once per image and cached.

b) Forward: At level ℓ:
• QKV projections on Nℓ children: 3D2Nℓ MACs.
• CiF gate projection per child: D2Nℓ MACs.
• Local two-layer MLP per child: 6D2Nℓ MACs.
• Sibling attention (constant-size 4×4 per group): 32DGℓ

MACs (QK and KV each 16DGℓ).
• Parent projection: D2Gℓ MACs.

Summing over levels,

MACsSSQA =

L∑
ℓ=1

(
10D2Nℓ +D2Gℓ + 32DGℓ

)
+O(DSG).

When h,w are powers of two, Nℓ=N/4ℓ−1 and Gℓ=N/4ℓ

so that SN= 4
3N and SG=

1
3N . Plugging in yields

MACsSSQA =
(

40
3 D2N

)
+
(

32
3 DN

)
+O(DN)

The dominant term is O(D2N); the quadratic O(N2D)
term of global attention is eliminated.

IV. RESULTS

A. Overview.

We evaluate SSQA on image classification, semantic
segmentation, and end-to-end driving in CARLA. Across
tasks, SSQA matches or improves accuracy while using
substantially fewer parameters and FLOPs. We report train-
ing dynamics (Fig. 3), efficiency (Fig. 4), CARLA [27]
performance (Figs. 6), and per-task summaries (Tabs. I–IV).

B. Experimental Setup

Benchmarks. We use three datasets: IllusionAnimals for
binary classification under heavy camouflage and clutter,
LoveDA for land-cover semantic segmentation relevant to
robotic navigation (e.g., region understanding for safe land-
ing), and CARLA [27] for end-to-end driving over 14 bench-
mark scenarios (higher score is better).

Training. All runs use a single NVIDIA A100 GPU
and AdamW (3 × 10−4, wd 0.05, β = (0.9, 0.95)). We
train IllusionAnimals for 50 epochs (bs=32, 2242) with a
ViT-16 baseline and prior efficient backbones; LoveDA is
trained for 50 epochs (bs=12, 5122) using a ViT-16 style
baseline (patch=16, depth=6, heads=8) and the same setting
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for all models. We use BCEWithLogits for classification
and cross-entropy for segmentation. Images are normalized
with ImageNet statistics. Unless otherwise noted, we report
single-seed results; for key ablations we run three seeds
(42/43/44) and report mean±std.

Guidance and compute. Guided variants use YOLO
boxes (classification) or SAM masks (segmentation). FLOPs
are measured with THOP using 1× 3× 224× 224 (cls) and
1× 3× 512× 512 (seg) inputs.

C. Binary Image Classification (IllusionAnimals)

TABLE I: Compute vs. Validation performance for image
classification: upto 3x fewer parameters, 8x fewer FLOPs,
2.08x mean epoch time.

Method Params (M)↓ FLOPs (G)↓ Acc↑ Avg Time (s) ↓
Baseline-ViT [28] 90.52 33.70 98.25% 53.17
ViT-LinAtt [29] 90.49 33.74 98.25% 54.65
Mamba 2 [30] 107.43 28.77 98.41% 67.70
SSQA (ours) 36.18 4.29 98.65% 26.19
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Fig. 3: Training Dynamics. SSQA (a) converges faster and
(b) reaches target accuracy earlier than the ViT baseline.

Comparison. SSQA achieves the best validation accuracy
while converging faster than the ViT baseline (Fig. 3). With
36.18 M parameters and 4.29 G FLOPs, it reaches 98.65%
accuracy, reducing parameters by up to 3×, FLOPs by up to
8×, and mean epoch time by 2.08× (Tab. I).

Compared to ViT [28] and Mamba-2 [30], [31], SSQA
uses ∼8× and ∼6.7× fewer FLOPs, respectively, while

TABLE II: Thorough Compute vs. Accuracy for Classifi-
cation on IllusionAnimals (50 epochs, 2242).

Method Params (M) FLOPs (G)↓ Acc

Baseline-ViT [28] 90.52 33.70 98.25%
ViT-LinAtt [29] 90.51 33.74 98.25%
Mamba 2 [31] 107.43 28.77 98.41%
Swin TRXFM [1] 32.24 8.75 99.05%
MLP-Mixer [32] 63.84 25.24 98.02%
ConvNeXT V2 [33] 32.54 8.92 98.33%
Quadtree ATTN-B2 [24] 27.63 4.50 98.49%
Quadtree ATTN-B3 [24] 46.30 7.29 99.50%

SSQA (ours) 36.18 4.29 98.65%
SSQA-Guided-YOLO (ours) 36.47 4.41 98.41%
SSQA-FFT (ours) 37.20 3.71 98.20%

achieving higher accuracy. It remains within 0.40 percentage
points of Swin [1] at roughly 2× lower compute. Relative to
Quadtree Attention [24], SSQA outperforms B2 (98.49%) at
similar FLOPs and is more efficient than B3, which requires
1.7× more FLOPs for higher peak accuracy. Overall, SSQA
provides the strongest accuracy–compute trade-off (Tab. II).
Stability (multi-seed). With the default 2×2 sibling group-
ing, SSQA achieves 98.65± 0.03% accuracy and 0.9974±
0.0012 AUC over 3 seeds (42/43/44), indicating low variance
under the same training recipe.
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Fig. 4: Model Efficiency. SSQA is substantially lighter by
reducing the number of parameters by nearly 3x and more
compute-efficient by up to a factor of 8x for classification
test.

D. Ablation Study (IllusionAnimals)

Findings. Removing the lightweight local FFN reduces
peak validation accuracy by 0.36 pp while also lowering
FLOPs, suggesting that local nonlinearity provides a modest
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TABLE III: Ablation on SSQA components (IllusionAni-
mals, 50 epochs, 2242). We report best validation accuracy
for one run (seed=42) and include compute for reference;
key ablations additionally report mean±std over 3 seeds
(42/43/44) when available.

Variant Params (M) FLOPs (G) Acc ∆Acc

SSQA (full; k=3) 36.18 4.29 98.65% +0.00
w/o CIF (OFF) 36.18 4.29 98.22% −0.43
NO-GATE (no CIF gate) 36.18 4.29 98.53% −0.12
w/o local FFN 36.18 1.52 98.29% −0.36
k=2 36.18 4.29 98.40% −0.25
k=4 (no top-k) 36.18 4.29 98.37% −0.28
λ=0 36.18 4.29 98.17% −0.48

but consistent gain beyond sibling attention. Varying sparsity
indicates that moderate sparsification (k=3) performs best:
stronger sparsity (k=2) and fully dense mixing (k=4) reduce
accuracy by 0.25 pp and 0.28 pp. This is expected as SSQA
emphasizes on focusing on relatively important grids, while
not all of them. Finally, disabling the uniform residual in
global pooling (λ=0) reduces accuracy by 0.48 pp, support-
ing its role in stabilizing aggregation across pyramid levels.

E. Semantic Segmentation (LoveDA)

TABLE IV: Compute vs. mIoU for Segmentation on
LoveDA (5122)

Method Params (M) FLOPs (G)↓ mIoU

Baseline-ViT [28] 24.94 49.63 0.3349
ViT-LinAtt [29] 23.98 43.22 0.2932
Mamba 2 [31] 14.11 48.22 0.3518
Swin TRXFM [1] 35.49 53.60 0.3307
MLP-Mixer [32] 74.72 148.15 0.3432
ConvNeXT V2 [33] 33.13 24.64 0.2803
Quadtree ATTN-B0 [24] 11.08 21.48 0.3563

SSQA (ours) 11.28 13.96 0.3547
SSQA-Guided-SAM (ours) 12.28 14.25 0.3398
SSQA-FFT (ours) 12.61 15.07 0.3151

Comparison SSQA has the significantly lowest flop,
and it also offers the strongest accuracy–compute trade-
offs among segmentation models. With 13.96 G FLOPs and
11.28 M params, it attains 0.3547 mIoU while using ∼3.5×
fewer FLOPs and ∼2× fewer parameters than the ViT
baseline [28]. Compared to Mamba-2 [31] (0.3518 mIoU
at 48.22 G FLOPs), SSQA achieves higher accuracy with
∼3.5× lower compute. Relative to Swin [1] (0.3307 mIoU
at 53.60 G) and MLP-Mixer [32] (0.3432 mIoU at 148.15 G),
SSQA surpasses both while requiring dramatically less
compute (4–10× fewer FLOPs). Although Quadtree Atten-
tion [24]’s mIOU is 0.16 percentage better, but it takes 1.5×
flops. Also, B0 is already the lightest tree they have provided,
but we still have significantly fewer flops in this task for
SSQA. Overall, SSQA delivers near-top segmentation perfor-
mance at substantially lower computational cost (Table IV).

F. End-to-End Driving (CARLA Simulator)

Results Figure 6 compares the evaluation scores (higher is
better) across 14 CARLA scenarios. Overall, SSQA achieves
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Fig. 5: Segmentation Model Performance Comparison.
SSQA has the lowest FLOPs 1.54x lower than the second
lowest flops model and still be able to achieve the second
best accuracy with only 0.16 percentage apart.

Fig. 6: CARLA Evaluation Score. Benchmark evaluation
score across 14 scenarios (0–13) for Baseline [27] vs.
Quadtreen ATTN [24] vs. SSQA (higher is better).

the highest average score (23.83), outperforming Quadtree
Attention (22.95) [24] and the baseline (20.25) [27]. SSQA
also attains the largest number of scenario-wise wins. No-
tably, SSQA substantially improves Scenario 13 (36 → 100)
and achieves strong gains in Scenarios 4, 5, and 6. In several
scenarios (e.g., 2 and 7), SSQA remains competitive with
both competing methods. However, it underperforms the
baseline in a few cases, such as Scenarios 1 and 10. These
results indicate that SSQA delivers consistent improvements
across challenging scenarios, leading to the best overall mean
performance.

G. Agent-Based Extension Evaluation

The YOLO-, SAM-, and Fourier-guided variants intro-
duce minimal computational overhead relative to SSQA.
On IllusionAnimals, YOLO-guided SSQA achieves 98.41%
accuracy compared to 98.65% for the base model (0.24
pp). The Fourier gate reduces FLOPs by emphasizing coarse
global structure, but slightly degrades accuracy. On LoveDA,
external priors provide negligible benefit under our training
protocol.

We attribute these results to three factors. (1) Prior mis-
match: bounding-box or region-based priors may suppress

19995



informative context in datasets with diverse object scales
and textures. (2) Over-regularization: when SSQA already
localizes effectively, additional gating may limit beneficial
long-range interactions. (3) Frequency bias: emphasizing
low-frequency structure can reduce boundary precision, ex-
plaining the FLOP–accuracy trade-off observed with Fourier
gating. Overall, SSQA performs strongly without external
guidance.

V. CONCLUSION

In this paper we introduced Sibling-Selective Quadtree
Attention (SSQA), a simple hierarchical self-attention layer
built on a full quadtree. SSQA groups patches into fixed
2 × 2 siblings, attends only within each group, summarizes
children into a parent, and feeds parent evidence back to
children (Cross-Injection Fusion). The layer uses standard
transformer operations, without special kernels or specific
optimization, and integrates easily into existing backbones.
This effective hierarchical attention mechanism reduces the
computational cost on machine perception tasks and scales
linearly with the number of patches, while still allowing in-
formation to move across the images. In experiments, SSQA
matches or improves accuracy with a much lower compute
cost across classification (IllusionAnimals) and segmentation
(LoveDA).
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