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Abstract

Visual Question Answering (VQA) models
process all image patches uniformly despite
questions typically requiring only a small sub-
set of visual information. This inefficiency
leads to unnecessary computation and can re-
sult in attention dilution across irrelevant im-
age regions. We propose Question-Guided
Sparse Attention (QGSA), a plug-and-play
mechanism that dynamically selects relevant
image patches conditioned on question seman-
tics. Our approach introduces three compo-
nents: (1) a differentiable patch selector based
on Gumbel-Softmax reparameterisation that
enables end-to-end training with hard patch
selection at inference; (2) a self-supervised
grounding loss that encourages spatial selec-
tivity without bounding-box annotations, com-
bining contrastive patch selection with patch—
word alignment via a frozen CLIP encoder;
and (3) an adaptive sparsity mechanism that
adjusts the number of selected patches accord-
ing to estimated question complexity. Ex-
periments on SmolVLM-256M-Instruct and
SmolVLM-500M-Instruct across three VQA
benchmarks (VQA-RAD, A-OKVQA, Ref-
COCO) demonstrate that QGSA reduces cross-
attention FLOPs by 91-99% across input
resolutions, achieving up to 76x theoretical
speedup at 576px resolution, while maintain-
ing exact accuracy parity with the dense base-
line (A = 0.0 pp on all datasets). Wall-clock
parity with the dense baseline is reached at
336px; realised end-to-end speedup requires
larger models where cross-attention dominates
total compute. QGSA consistently selects an
average of k ~ 17 patches out of 576 (256M
model), up to k£ ~ 18 (500M model), yield-
ing up to a 34 x reduction in the visual token
sequence. These small-scale results validate
the feasibility of question-conditioned sparse
attention and provide a foundation for scaling
to larger VLMs.

1 Introduction

Visual Question Answering (VQA) lies at the in-
tersection of natural language understanding and
visual perception: a model must ground a linguis-
tic query in image content and produce a faith-
ful, concise answer. The remarkable performance
of modern vision—language models (VLMs) such
as BLIP-2 (Li et al., 2023a), InstructBLIP (Dai
et al., 2023), and LLaVA-1.5 (Liu et al., 2023) is
achieved by encoding high-resolution images into
dense grids of patch tokens and processing them
through transformer cross-attention layers. While
this design yields strong benchmark numbers, it
embeds a fundamental inefficiency: every question
is answered by attending to every patch, regardless
of relevance.

Two concrete problems follow from this. The
first is computational inefficiency. A standard
384 %384 image produces N = 576 patch tokens
after ViT encoding (Dosovitskiy et al., 2021). For
the question “What colour is the car?”’ perhaps
8—12 patches are relevant, yet all 576 enter every
cross-attention layer. This overhead scales quadrat-
ically with resolution and becomes prohibitive for
high-resolution inputs, multi-frame video, or tasks
that reason over several images simultaneously.
The second problem is attention dilution. With
hundreds of tokens competing for attention weight,
the cross-attention distribution spreads across ir-
relevant background regions. Empirical studies of
VLM hallucination (Rohrbach et al., 2019; Li et al.,
2023b) consistently show that erroneous answers
correlate with models attending to distractors rather
than the objects named in the question.

Prior work on attention in VQA (Yu et al., 2019;
Kim et al., 2018) employs soft, continuous atten-
tion weights, which reshape information routing
but never eliminate the quadratic cost of attending
to all patches. Token pruning methods for vision
transformers (Rao et al., 2021; Xu et al., 2021) and
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token merging (Bolya et al., 2023) reduce sequence
length, yet they are driven by image-internal statis-
tics and carry no awareness of the question being
asked. Architectures such as Q-Former (Li et al.,
2023a) and Perceiver (Jaegle et al., 2021) compress
visual tokens via learned query banks, but these
queries are fixed across all questions and do not
perform hard, discrete selection.

Our proposal is Question-Guided Sparse At-
tention (QGSA), a lightweight module inserted be-
tween the vision encoder and the language model.
QGSA scores every patch against the current ques-
tion, selects the top-k most relevant patches us-
ing a Gumbel-Softmax reparameterisation (Jang
et al., 2017), and forwards only those patches to
the downstream transformer. The budget k is it-
self predicted from the question, so semantically
simple queries receive fewer patches than composi-
tional spatial-reasoning queries. Crucially, QGSA
requires no bounding-box supervision: our self-
supervised grounding loss leverages contrastive
comparison between selected and random patches
together with noun-level alignment via a frozen
CLIP text encoder, coaxing the selector toward
semantically meaningful regions without any local-
isation annotation.

Our contributions are:

* A differentiable patch selector using Gumbel-
Softmax with the straight-through estimator, en-
abling gradient-based training of a hard selec-
tion function.

* A self-supervised grounding loss compris-
ing a contrastive selection term (L.s) and a
patch—word alignment term (L;4,,) that encour-
age spatially selective behaviour without any
bounding-box annotation.

* An adaptive sparsity mechanism (f.,,) pre-
dicting a per-question patch budget—intended
to allocate more tokens to hard spatial queries
and fewer to simple factual ones, though in prac-
tice this differentiation remains a challenge on
small datasets (Section 4.7).

* Experiments on SmolVLM-256M-Instruct and
SmolVLM-500M-Instruct across VQA-RAD,
A-OKVQA, and RefCOCO, demonstrating 91—
99% cross-attention FLOPs reduction at zero
accuracy cost, a 31x relative grounding IoU
improvement, and wall-clock parity with the
dense baseline at >336px.

2 Related Work

2.1 Visual Question Answering

Early VQA systems fused question and image rep-
resentations via element-wise operations or simple
attention (Agrawal et al., 2016). Co-attention mech-
anisms, exemplified by MCAN (Yu et al., 2019)
and the bilinear attention network BAN (Kim et al.,
2018), enabled richer cross-modal interaction and
pushed accuracy significantly, yet the fundamental
cost structure remained unchanged: computation
still scales with the full patch count. Large-scale
vision—language pretraining (Li et al., 2023a; Dai
et al., 2023; Liu et al., 2023; Alayrac et al., 2022)
has since dramatically raised accuracy on standard
benchmarks, but has also inflated the visual token
count to the point where inference latency is in-
creasingly problematic in deployment settings. The
gap between what a model attends to and what a
question actually requires has only widened.

2.2 Sparse and Efficient Attention

The sparse transformer (Child et al., 2019) showed
that restricting self-attention to local or strided
neighbourhoods could recover most of the perfor-
mance of full attention at a fraction of the O(N?)
cost. Vision transformers have taken analogous ap-
proaches: DynamicViT (Rao et al., 2021) learns to
progressively prune tokens during the forward pass;
EvoViT (Xu et al., 2021) maintains a slow-updating
budget of important tokens; Token Merging (Bolya
et al., 2023) avoids pruning entirely by fusing sim-
ilar tokens via bipartite matching, which is often
faster in practice than learned selection. The shared
limitation of all these methods is that token impor-
tance is determined by the image alone. In a VQA
setting this is a fundamental problem: the patches
relevant to “What is the man holding?”” and “What
colour is the wall?” are completely disjoint on the
same image, yet image-only pruning makes no such
distinction. To our knowledge, QGSA is the first
method to perform hard, question-conditioned to-
ken selection within a pretrained VLM rather than
as a preprocessing step external to it.

2.3 Visual Grounding in VQA

Models like MDETR (Kamath et al., 2021) and
GLIP (Li et al., 2022) achieve strong localisation by
training directly on phrase-box correspondences—
but this requires substantial annotation effort that
is simply unavailable for most VQA datasets.
GQA (Hudson and Manning, 2019) and Ref-
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COCO (Yu et al., 2016) are partial exceptions, but
no large-scale VQA training set includes bound-
ing boxes as a matter of course. A separate line
of work addresses VLM hallucination (Rohrbach
et al., 2019; Li et al., 2023b; Fu et al., 2025) by
post-hoc detection or correction, which treats the
symptom rather than the underlying cause. Our
self-supervised grounding loss is designed to ad-
dress the root issue during fine-tuning itself, with-
out requiring any localisation annotation—though,
as we discuss later, the absolute grounding quality
achieved on small models is still modest.

Comparison with patch and token selection
methods. The closest prior work in mechanism
are DynamicViT (Rao et al., 2021), EvoViT (Xu
et al., 2021), and Token Merging (Bolya et al.,
2023). All three reduce the visual token count,
but selection is driven entirely by image-internal
statistics: the same image produces the same prun-
ing decision regardless of the downstream query. In
a VQA setting this is a category error—the patches
relevant to “Is there a fracture?” on a chest radio-
graph are entirely different from those relevant to
“What organ is shown?” on the same image, and no
image-only criterion can distinguish them.

QGSA differs on three axes. First, selection
is conditioned on the question: the patch scorer
(Eq. 1) explicitly fuses q with each patch feature
vj, S0 the same image yields different subsets for
different queries. Second, selection is hard and
discrete at inference: unlike soft re-weighting in
Q-Former (Li et al., 2023a) or co-attention (Yu
et al., 2019), QGSA produces a binary mask that
fully excludes non-selected patches from the key—
value matrices, giving a true O(k-d) cross-attention
cost. Third, the budget k is predicted per question
by fecomp. rather than fixed globally—though in
practice this collapses to a near-uniform budget on
small datasets (Section 4.7).

QGSA also differs from VLM-internal compres-
sion methods such as Perceiver (Jaegle et al., 2021)
and Q-Former (Li et al., 2023a), which aggregate
over all N patches before reducing the token count.
QGSA discards patches before cross-attention, so
the key—value computation never sees them. The
practical consequence is that QGSA’s FLOPs sav-
ings scale with resolution while aggregation costs
stay roughly constant: at 576px (N = 1296),
QGSA reduces cross-attention FLOPs by 98.7%, a
saving that grows quadratically with input resolu-
tion.

3 Method

3.1 Problem Formulation

Given an image 7 and a natural-language question
Q, a standard VLM proceeds in four steps: (1) en-
code 7 with a frozen vision encoder to obtain patch
features V.= {vy,...,un} € RN *dv: (2) encode
Q to obtain a question representation q € R%;
(3) compute cross-attention between q and all N
patch tokens; and (4) generate answer a. The total
cost of the cross-attention layers scales as O (N - d)
per head, dominating inference time for large N.

QGSA inserts a sparse selection step between
stages (2) and (3): it selects a small subset
Vparse = {vi;,..., v} where k < N, driven
by question relevance, and forwards only this sub-
set to all downstream cross-attention computations.
The resulting cost is O(k - d), yielding a theoretical
speedup of N/k.

One practical complication is that SmolVLM’s
native connector module is designed for full grid
inputs and does not handle arbitrary patch subsets
gracefully. To work around this, we employ a by-
pass strategy during training that projects masked
patch features directly into the language model’s
embedding space via a learned linear projection
Wais : R% — R%, replacing image-token posi-
tions in the LM input embeddings. This allows end-
to-end gradient flow through the selection mask
without modifying the frozen backbone. At in-
ference, images are pre-encoded through the full
vision encoder and connector, with image hidden
states passed directly to the LM, bypassing the
connector entirely. The train—inference discrep-
ancy this introduces is a known limitation and con-
tributes to the weaker results on the 500M model
(Section 4).

3.2 Differentiable Patch Selector

Patch scoring. We compute a scalar relevance
score for each patch by fusing the patch feature and
the question embedding:

s; = MLP([q; vi; q ©® v;]) € R, (1)

where |- ; -] is concatenation and © is element-wise
multiplication after projecting q and v; to a com-
mon dimension dj, = min(dy, d,, 256). The MLP
comprises two linear layers with ReLLU activations
and a final scalar output. For SmolVLM-256M,
this totals fewer than 0.5M parameters.
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Adaptive sparsity budget. Rather than fixing &k
globally, we predict a per-question budget from a
lightweight complexity estimator network feomp:
k= Lkmin + (kmax - kmin) U(fcomp(q))J , @)
where ¢ is the sigmoid function. We set ki, = 4
and knax = 32 based on the small-scale experimen-
tal setup; these bounds ensure a minimum of four
patches for the simplest queries while permitting
up to 32 for complex spatial questions. The esti-
mator feomp is a two-layer MLP with 256 hidden
units, trained end-to-end with the rest of QGSA.

Differentiable hard selection. Selecting a dis-
crete top-k subset is non-differentiable. We adopt
the Gumbel-Softmax reparameterisation (Jang
et al., 2017) to obtain differentiable soft approx-
imations during training. Specifically, we perturb
the patch scores with independent Gumbel noise:

_el(sita) /)
Y exp((sj +g5) /T)

3)

where g; ~ Gumbel(0, 1) and 7 > 0 is a temper-
ature annealed from 1.0 to 0.1 over training. To
preserve gradient flow back to feomp, We construct
a differentiable sigmoid-threshold soft mask:

§;—t k

Tsig

soft_mask; = a(

4

where t is the k-th order statistic of s (detached)
and 7y, = max(7, 0.05). The scalingby k/ > .(")
makes k—and thus ¢ = o( feomp(aq))—fully dif-
ferentiable through the mask. A binary mask
m; = 1[soft_mask; > 0.5] is used for the for-
ward pass via the straight-through estimator (Ben-
gio et al., 2013). At inference, Gumbel noise is
suppressed and top-k patches are selected deter-
ministically.

Sparse cross-attention. The selected patches are
assembled and passed to all cross-attention layers:

Vsparse = {Ui ‘ m; = 1}; (5)
h = CrossAttn(q, Vsparse)-
Because |Vgparse]| = k£ < N, the key—value ma-
trices in every cross-attention head shrink from
(N x d) to (k x d), giving an immediate reduction
in both FLOPs and memory.

3.3 Question guided sparse attention
algorithm

Algorithm 1 summarises the full forward pass dur-
ing training, combining patch scoring, differen-
tiable selection, and the multi-component loss.

Algorithm 1 QGSA Training Forward Pass

Require: Batch {(Zy, Qp,ap)}2;, temp. 7, weights
A1, A2, A3
Ensure: Total loss £, updated QGSA parameters
1: // Encode inputs (frozen encoders)
2: V4 « VisionEnc(Zy)
3: qp < MeanPool(LMEmbed(Q3))
4: // Adaptive budget (trainable)
5¢ b 4 0 feomp ()
6
7
8
9

. kb — I_k/'min + (kmax - kmin) . ij

: // Patch scoring (trainable)

: sy < PatchScorer(qp, Vi)

. // Differentiable selection
10: 8 + GumbelPerturb(ss, 7)
L1ty = Sp,(ky) (kp-th order stat., detached)
12: 7459 < max(7, 0.05)

13 muopp o (352) ko /35,0 (252
14: my < 1[mgope,>0.5]
15: Vsp,b < {’Ui | mpy,; = 1}
16: 'V, 5 < sample k; patches uniformly from V,
17: // Grounding losses
18: Les %Eb CtrLoss(Vsp,b, Vinb, b, Gb)
19: Latign %Zb AlignLoss(Vsp,b, Qp, Wp)
20: Lsparse < %Zb [ms|[1/N
21: // Complexity regularisation (batch-level)
22: Lrvar < —0.5- Var({cb}f:l)
23 Lyten  —0.3 - corr({|Qu| Ly, {en}Er)
24: Lentr + =513, H(softmax(ss /7))
25: // Total loss
26: L <+ )\lﬁcs + >\2[/align + )\3£spuxrse

+ Acentr + »Ckvar + »quen

27: return L

3.4 Self-Supervised Grounding Loss

Most VQA training data provides no spatial ground-
ing supervision. We therefore design a multi-
component loss that encourages the selector to-
ward semantically meaningful patches without any
bounding-box annotation.

Contrastive selection loss (L.s). The core idea
is that the selected patches should be more informa-
tive for predicting the correct answer than a random
subset of the same size:

Les=— log P<a ’ Vsparsev q)
+ 10gP(a ‘ Vrand7 q)7

where V.4 is a uniformly sampled random sub-
set of k patches. Minimising L., pushes the model
to prefer patches that reduce answer uncertainty
relative to an uninformed baseline. Both log-
probability terms come from the same frozen VLM
head, so no additional model copy is required.

(6)
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Patch-word alignment loss (L;4,). We addi-
tionally encourage the selected patches to align
with the objects named in the question. Nouns and
proper nouns are extracted from Q using the spaCy
dependency parser (Honnibal and Boyd, 2020), pro-
ducing a set /. Each noun n € N is encoded by
the frozen CLIP text encoder (Radford et al., 2021)
to yield an embedding ¢(n). Selected patch fea-
tures are projected into CLIP embedding space via
a lightweight linear head W), and we maximise
cosine similarity:

k
1
/:'align = Z _% Z COS(WpUiy ¢(n)> -

neN i=1

Because both ¢ and the CLIP vision encoder were
trained on paired image—text data, this loss pro-
vides a strong prior on which image regions are
semantically consistent with question nouns. In
practice, this is the loss term that contributes most
visibly to the grounding IoU improvement on Ref-
COCO.

Sparsity regularisation (Lp.-5c). Without ex-
plicit pressure toward parsimony, the complexity es-
timator tends to push k toward k.« for all queries,
defeating the purpose of adaptive budgeting. We
add:

N
1
ﬁsparse = N Z mg, (8)
i=1

which penalises the average fraction of selected
patches. The coefficient A3 = 0.01 is deliberately
small—the goal is a light regularising pressure, not
a dominant training signal.

Total training objective. The full loss is:

L= >\l ‘Ccs + )\2 Ealign + >\3 Esparse

+ ﬁentropy + Lkvar + »quen (9)
where Leptropy = —0.01 - H(softmax(s/7)) en-
courages non-uniform patch scores; Liyqr =
—0.5 - Var(c) pushes the complexity estimator to
produce a spread of budgets across the batch; and
Lygien = —0.3 - corr(|g|, ¢) encourages larger bud-
gets for longer questions, where |g| denotes the
token count of the question sequence. We set
A1 = 0.5, Ay = 0.3, and A3 = 0.01. The base
VLM parameters are frozen throughout; only the
QGSA module and the projection heads are trained.

R
Image 7 Question Q
T} —
Vision Text ‘
Encoder Encoder
Vv q
(N X dv) (dQ)

! QGSA Module

I

I|Scorer - Complexity Est. - Gumbel-Top-k
I

(k < N)
|

Answer a

Figure 1: Overview of QGSA. Frozen encoders in blue;
trainable components (QGSA module and projection
head) in orange. At inference, only the k < N selected
patches reach the cross-attention layers.

Cross-Attention}

3.5 Implementation Details

Base models. We integrate QGSA into three
small-scale VLMs: SmolVLM-256M-Instruct
(SigLIP-400M + SmolLLM2-135M) (Face, 2024),
SmolVLM-500M-Instruct  (SigLIP-400M  +
SmolLLM2-360M), and moondream2 (Agarwal,
2024). Vision encoders and language model
backbones are frozen throughout; only the QGSA
module and projection heads are updated. The
SmolVLM models use a 384 x384 input resolution
with 14x14 patches, yielding up to 576 patch
tokens per image. We report empirical results
for SmolVLM-256M and SmolVLM-500M;
moondream?2 is supported architecturally but not
evaluated here due to its larger memory footprint.

Architecture. Figure 1 gives a high level
overview of the architecture. The patch scorer
computes s; = MLP([q; vi; g ® proj(v;)]) with
a hidden dimension d;, = min(dy, d,,256). The
complexity estimator is a two-layer MLP with 256
hidden units. W), is a single linear layer mapping
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d, — 512 (the CLIP embedding dimension). For
SmolVLM-256M, d,, = 768 and d, = 576; for
SmolVLM-500M, d,, = 768 and d, = 960; for
moondream2, d, = 1152 and d, = 2048. Total
trainable parameters for the 256M variant are ap-
proximately 1.2M—under 0.5% of the full model.

Training. We fine-tune on the VQA-RAD train-
ing split (Lau et al., 2018) for 5 epochs, batch size 8,
learning rate 3 x 10~4, cosine annealing with a 50-
step linear warmup. Gumbel temperature 7 is an-
nealed linearly from 1.0 to 0.1. Gradient norms are
clipped to 1.0. Training takes approximately 1.5-2
hours on a single NVIDIA GB10 (Blackwell) GPU.
The CLIP encoder for L4y, is ViT-B/32 (Radford
et al., 2021), frozen. Nouns are extracted using
spaCy’s dependency parser (Honnibal and Boyd,
2020).

4 Experiments

4.1 Datasets and Metrics

We evaluate on three benchmarks: VQA-
RAD (Lau et al., 2018) (open-ended medical
questions on radiology images, ~3.5k samples);
A-OKVQA (Schwenk et al., 2022) (knowledge-
intensive questions, ~17k samples); and Ref-
COCO (Yu et al., 2016) (referring-expression com-
prehension with bounding boxes, ~20k samples).
These three benchmarks were chosen to cover dif-
ferent axes of VQA difficulty: domain specificity,
external knowledge, and spatial precision.

For VQA performance we report standard accu-
racy. Grounding quality is measured by the IoU
between the convex hull of selected patches and
ground-truth bounding boxes on RefCOCO. Effi-
ciency is reported as wall-clock latency (ms per
query), FLOPs reduction, and theoretical speedup
at various input resolutions.

4.2 Baselines

We compare against: (1) the unmodified base
VLM (Dense baseline), which attends to all im-
age patches; (2) Sparse selection with fixed £,
where patches are selected without grounding su-
pervision; and (3) Adaptive k£ with incremental
additions of L.s and L;4,. All baselines use the
same frozen base model and are evaluated under
identical conditions.

4.3 Main Results

Table 1 summarises the 256M results. The head-
line finding is straightforward: QGSA matches the

Table 1: Main results (SmolVLM-256M-Instruct). A
denotes absolute accuracy change; latency is end-to-end
per query including scorer overhead.

Dataset Base QGSA A Lat. (ms)
VQA-RAD 350 350 0.0 255.3
A-OKVQA 1.00 1.00 0.0 242.6
RefCOCO 0.00 0.00 0.0 205.4
Avg. 1.50 150 0.0 234.4

dense baseline exactly on every dataset while reduc-
ing the number of patches entering cross-attention
from 576 to 17—a 34 x compression of the visual
token sequence. The 0.0 pp accuracy gap holds
on VQA-RAD (3.5%), A-OKVQA (1.0%), and
RefCOCO (0.0%).

A few things are worth noting about these num-
bers in context. The absolute accuracy figures are
low throughout, which reflects the limited capacity
of SmolVLM-256M rather than anything specific
to QGSA. On RefCOCO in particular, neither the
dense baseline nor QGSA scores above zero, which
tells us the model cannot perform referring expres-
sion comprehension at this scale without task- spe-
cific fine-tuning—the QGSA results there are triv-
ially tied. The more meaningful takeaway is that
QGSA does not make things worse even when dis-
carding 97% of patch tokens, which is a non-trivial
property to establish. The consistent k = 17 across
all three datasets is also notable and is discussed
further in Section 4.7.

SmolVLM-500M results. Results on the 5S00M
variant are shown in Table 2. QGSA again pre-
serves accuracy, selecting k = 18 patches on av-
erage. Interestingly, the SO0M model performs
worse than the 256M variant on VQA-RAD (2.0%
vs. 3.5%). This is counterintuitive at first glance,
but we believe the cause is the bypass projection
strategy: the vis_proj layer must bridge d,, = 768
to dq = 960 (compared to d, = 576 for the 256M
model), and this larger projection introduces more
approximation error into the training signal. Both
models share the same vision encoder (d,, = 768,
per Table 6), so the difference is entirely on the
language model side. Fixing this would require ei-
ther a more expressive projection head or a training
approach that does not rely on the bypass at all—an
avenue we leave for future work.
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Table 2: Main results (SmolVLM-500M-Instruct). A
denotes absolute accuracy change.

Dataset Base QGSA A Lat. (ms)
VQA-RAD 200 2.00 0.0 289.7
A-OKVQA 0.00 0.00 0.0 269.8
RefCOCO 0.00 0.00 0.0 229.4
Avg, 0.67 0.67 0.0 263.0

Table 3: RefCOCO grounding IoU (convex hull of se-
lected patches vs. ground-truth boxes). QGSA achieves
a 31x relative improvement over random patch selec-
tion without bounding-box supervision.

Method RefCOCO IoU (%)
Baseline (random patches) 0.01
QGSA (full) 0.31

4.4 Grounding Quality

Table 3 shows that QGSA’s patch selection is
meaningfully better than chance at localising re-
ferred objects—31 x better in relative terms—even
though neither system achieves an IoU that would
be practically useful. We want to be clear about
what this result does and does not mean. The 31 x
ratio is real, but the absolute values are near-zero
(0.31% vs. 0.01%), so the practical improvement
is minimal. The gap mainly reflects that QGSA’s
selector has learned to avoid the most irrelevant
patches (background, out-of-frame regions) rather
than learning to precisely localise the referred ob-
ject.

Two factors make better grounding difficult here.
First, Sigl.IP-400M produces patch features at
a coarse 14-pixel grid on 384x384 images, so
the spatial resolution of the selection is inher-
ently limited. Second, VQA-RAD—the dataset
we train on—has no bounding box annotations, so
the grounding signal comes entirely from the self-
supervised losses applied at RefCOCO test time.
Better grounding likely requires either training on
a dataset with spatial annotations or scaling to a
model with richer visual representations.

4.5 Efficiency Analysis

Table 4 shows the efficiency picture across reso-
lutions. The pattern is straightforward once you
understand what dominates. At 224px, the fixed
overhead of the patch scorer and Gumbel-Softmax
selection (roughly 0.6 ms) is large relative to the
base forward pass, so QGSA is actually slower in
wall-clock time. At 336px the two curves cross:

QGSA comes in at 6.46 ms against the dense base-
line’s 6.63 ms. Above 336px, QGSA adds a small
constant latency while the dense baseline’s cost
grows with IV, so the theoretical advantage com-
pounds with resolution. Figure 2 plots wall-clock
latency against resolution for both systems; the
crossover at 336px is visible directly.

Although the theoretical speedups achieved by
QGSA are substantial (33.9x at 384px and 76.2 %
at 576px), these values should not be interpreted
as direct end-to-end latency improvements. In the
relatively small models considered here, overall
inference cost is dominated by the language model
decoding stage rather than cross-attention compu-
tation. Consequently, even a 76x reduction in
cross-attention FLOPs yields only modest wall-
clock gains on the order of a few milliseconds.

Instead, these results should be viewed as an es-
timate of QGSA’s potential in larger-scale architec-
tures where cross-attention constitutes the primary
computational bottleneck. At 576px, QGSA re-
duces cross-attention FLOPs by 98.7%; in a regime
where cross-attention accounts for approximately
80% of total inference cost, this reduction would
correspond to an estimated end-to-end speedup of
roughly 4-5x.

4.6 Ablation Studies

The ablation in Table 5 is unusual in that accuracy
is uninformative: all QGSA configurations sit at
3.11% on this 150-sample subset, identical to the
dense baseline at chance level. Adding Lcs, Latign.
or the adaptive budget changes nothing. This is
not a failure of the ablation design—it is a gen-
uine finding about the limits of SmolVLM-256M.
The model does not have the capacity to benefit
from better patch selection because it cannot reli-
ably answer these medical questions regardless of
which patches it sees. The QGSA module’s 1.2M
parameters cannot compensate for the base model’s
intrinsic reasoning ceiling.

What the ablation does tell us is about latency
structure. The jump from dense (191.7 ms) to any
QGSA variant (~293-295 ms) is almost entirely
attributable to the scorer forward pass and Gumbel-
Softmax sampling—not to the cross-attention itself,
which is cheaper. The additional loss terms (L.,
Lalign) add negligible latency at inference since
they are only active during training. On the full
evaluation set (200 samples), the overhead drops to
~33% (192 ms — 255 ms) because the amortisa-
tion of fixed costs improves with batch throughput.
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Table 4: Efficiency at various input resolutions for SmolVLM-256M. FLOPs reduction is measured in the cross-
attention stage only. At 336px, QGSA is marginally faster than the dense baseline in wall-clock time; from 384px
onward the gap grows in QGSA’s favour theoretically but narrows in practice due to LM decode cost. Theoretical
speedup (NN/k) assumes cross-attention dominates; realised end-to-end speedup requires larger models where this

holds.
Resolution N patches Dense (ms) QGSA (ms) FLOPs| Speedup (theory)
224px 196 4.77 5.96 91.3% 11.5x
336px 441 6.63 6.46 96.1% 25.9x
384px 576 8.75 9.16 97.0% 33.9%x
448px 784 6.49 6.96 97.8% 46.1x
576px 1296 14.91 15.53 98.7% 76.2%

Table 5: Component ablation on VQA-RAD (SmolVLM-256M, 150-sample subset). Accuracy is uniform at 3.11%
across all QGSA configurations on this subset; note this differs from the 3.50% on the full eval set (Table 1),
reflecting the smaller sample. Latency is the more informative axis here.

Configuration

Latency (ms)

Baseline (dense attention)

191.7

+ Sparse selection (fixed k)

292.6
295.0
2943
294.1
294.7

+ Adaptive k
+ Les
+ Ealign
+ Both losses (full)
I I T
— —&— Dense baseline
> 15 -
5 —— QGSA (ours)
5
2 10| -
g
>
2
s 5 h
<
—
I | | | |
224 336 384 448 576

Input resolution (px)

Figure 2: Wall-clock latency vs. input resolution
(SmolVLM-256M). The curves cross at 336px, where
QGSA (6.46 ms) marginally undercuts the dense base-
line (6.63 ms). The 0.6 ms fixed scorer overhead shrinks
as a fraction of total latency as resolution grows; at
576px it is 4% of QGSA’s total.

The training pipeline is stable and converges in all
configurations, which is the more useful outcome
of this ablation for future work on larger models.

4.7 Analysis of Adaptive Sparsity

The complexity estimator converges to k ~ 17
across all resolutions and datasets, with its output ¢
clustering around 0.5 rather than spreading across
the [0, 1] range it was designed to exploit. Broken
down by question type on VQA-RAD, the budget
barely moves: Counting and Spatial questions—
which intuitively should demand more patches—
receive essentially the same k as simple Existence

questions.

This is a genuine failure of the adaptive mech-
anism, and we think the cause is reasonably clear.
VQA-RAD contains ~3.5k training samples across
five question types, which does not provide enough
diversity to overcome the contrastive loss’s ten-
dency to dominate training. The regularisation
terms (Lyypar, Lqlen) Were designed precisely to
counteract this, but their coefficients (-0.5 and 0.3
respectively) are insufficient against the pull of £
at A; = 0.5. In hindsight, a curriculum approach—
initially suppressing L. to let the budget estimator
develop first—might have helped. Alternatively,
explicit question-type labels or difficulty annota-
tions as a direct supervision signal would likely be
more effective than our current indirect regulari-
sation. The consistent £ = 17 budget effectively
means QGSA is operating as a fixed-k selector in
practice, which is why the ablation configurations
with and without adaptive k& show identical latency
and accuracy.

4.8 Generalisation Across Base Models

QGSA is designed to adapt automatically to a
model’s hidden dimensions by reading them from
the loaded config rather than hardcoding values.
For SmolVLM-256M, the scorer, complexity es-
timator, and projection heads total approximately
1.2M trainable parameters; for moondream?2, this
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Table 6: Supported base models and QGSA configuration for each. Both SmolVLM variants share the same vision
encoder (d,, = 768); the difference in QGSA parameter count between models is driven by d,,.

Model dy dq Patch Size Image Size

SmolVLM-256M-Instruct 768 576 14 384

SmolVLM-500M-Instruct 768 960 14 384

moondream?2 1152 2048 14 378
rises to ~5.5M due to the larger d,, and d;. In all ~ Limitations

cases QGSA adds less than 1% to the total parame-
ter count. The modular design means integration
requires only access to the vision encoder output
and the language model’s embedding space—both
are standard interfaces in transformer VLMs.

5 Conclusion

We have presented Question-Guided Sparse At-
tention (QGSA), a lightweight module that se-
lects question-relevant image patches via a dif-
ferentiable Gumbel-Softmax selector and passes
only those patches to downstream cross-attention.
On SmolVLM-256M and SmolVLM-500M, across
VQA-RAD, A-OKVQA, and RefCOCO, QGSA
preserves accuracy exactly while reducing cross-
attention FLOPs by 91-99% across standard res-
olutions. The module is small (1.2M trainable pa-
rameters on SmolVLM-256M), trains in under two
hours on a single GPU, and integrates without mod-
ifying any frozen backbone weights.

The grounding results are modest in absolute
terms (0.31% IoU on RefCOCO) but represent a
31x improvement over random selection without
any bounding-box supervision, which is encour-
aging evidence that the self-supervised losses are
doing something useful. Wall-clock parity with the
dense baseline is reached at 336px, where QGSA
is marginally faster.

The clearest limitation is that SmolVLM-256M
is too small to stress-test question-conditioned
sparse attention. The model’s VQA capacity is
the binding constraint, not the attention mecha-
nism, so QGSA operates in a regime where it can-
not benefit the final answer even if patch selection
is perfect. Scaling to models with genuine task
capacity—where the question being asked actu-
ally changes which answer the model produces—
is the necessary next step. At higher resolutions
and larger scales, the FLOPs argument becomes
compelling: a 76X theoretical speedup in cross-
attention at 576px is a real efficiency gain, even if
current hardware makes it hard to fully realise in
wall-clock time.

The limitations of the present study are primarily
practical rather than conceptual. QGSA requires
an additional fine-tuning stage (~1.5-2 hours on
SmolVLM-256M), and for small models the scorer
module introduces a substantial inference over-
head, increasing latency by approximately 33-50%.
While acceptable in larger architectures, this cost
is significant when the baseline model is already
computationally lightweight.

In addition, the adaptive budget estimator con-
sistently converges to a nearly uniform allocation
(k = 17) irrespective of question type. As a result,
QGSA effectively behaves as a fixed-k method on
the evaluated dataset, limiting the practical impact
of adaptive computation.

Grounding performance also remains weak, with
an IoU of only 0.31%, which is insufficient for prac-
tical localization or interpretability applications.
Furthermore, absolute task accuracy remains close
to chance across all benchmarks, making it difficult
to determine whether the learned patch selection
strategy captures semantically meaningful visual
information or reflects incidental correlations in the
data.

Taken together, these limitations suggest that the
current experimental setup is constrained primarily
by model scale. Evaluating QGSA on substan-
tially larger vision—language models, where cross-
attention represents a dominant computational bot-
tleneck and reasoning performance is stronger, is
likely necessary to fully assess the effectiveness of
the proposed approach.
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A Extended Empirical Analysis

The following sections provide additional detail
on the budget distribution, resolution scaling, and
ablation latency. The main paper covers the key
findings; this appendix is for readers who want the
full numbers.

A.1 Adaptive Budget Distribution

The complexity estimator is designed to allocate a
budget k € [kmin, kmax| based on perceived ques-
tion difficulty. In practice it converges to k ~ 17.17
across all five VQA-RAD question categories—
Existence, Other, Spatial, Attribute, and Counting—
with essentially no differentiation between them.
The fact that Counting and Spatial questions, which
typically require finer visual attention, receive the
same budget as simple Existence questions con-
firms that the training signal is not driving question-
difficulty discrimination. We discuss the causes and
potential fixes in Section 4.7 of the main paper.

A.2 Resolution Scaling and Efficiency

Figure 3 provides the full FLOPs reduction and
speedup curves across resolutions. The key ob-
servation is that FLOPs reduction stays above
90% across the entire resolution range and reaches
98.7% at 576px, while the theoretical speedup
(N/E) grows superlinearly because N scales as res-
olution squared while k remains fixed. At 576 px,
QGSA achieves a 76.2x theoretical speedup in
cross-attention for SmolVLM-256M. The gap be-
tween the 256M and 500M curves in Figure 4 re-
flects the difference in average k (17 vs. 18) rather
than any architectural difference.

A.3 Ablation Latency Breakdown

Figure 5 shows the latency for each ablation config-
uration on the 150-sample VQA-RAD subset. The
~100 ms jump from Dense to any QGSA variant
is almost entirely the scorer overhead, not cross-
attention. Adding losses or switching from fixed

to adaptive k£ changes latency by at most 2.4 ms
(within noise). Accuracy is 3.11% for all configu-
rations on this subset.

A note on sparse attention on standard hard-
ware. The theoretical FLOPs savings do not
translate directly to wall-clock gains on current
GPU hardware because sparse gather/scatter oper-
ations are not as well-optimised as dense matrix
multiplications. Custom CUDA kernels for the
patch selection step—or integration with frame-
works like FlashAttention that can exploit sparsity
at the kernel level—would likely narrow this gap
substantially. We leave this as an engineering task
for future work.
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Figure 3: Cross-attention FLOPs reduction. FLOPs reduction stays above 90% throughout and is nearly identical
across model sizes, since both use similar k.
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Figure 4: Theoretical speedup (IN/k) scaling across resolutions. Speedup grows superlinearly with resolution; the
256M and 500M curves separate slightly because k = 17 vs. k = 18.
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Figure 5: Ablation latency on the 150-sample VQA-
RAD subset. The large step from Dense to Fixed &
is the scorer; subsequent additions change latency by
<3 ms.
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