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ABSTRACT
Convolutional networks compact enough to run on a phone are the practical tool for diagnosing
crop disease in the field, yet almost every such model ends in global average pooling, a read-out
that assumes the class-defining signal is spread evenly across the image. For leaf disease this
assumption is questionable: the evidence is sparse, a few small lesions on a largely healthy
lamina, and averaging dilutes it. We ask whether changing the read-out, rather than enlarging
the backbone, helps a compact network, and we propose Sparse Evidence Pooling, a near
parameter-free replacement for global average pooling that scores each location for disease
evidence and aggregates features under a sparsity prior carried by the loss. We test it under a
fixed compact backbone against global average pooling, attention read-outs, a capacity-matched
control and a no-prior control, on PlantVillage and on transfer to field imagery. The compactness
claim held: our read-out matched the accuracy of the attention baselines, which cost 1.03 against
our 0.95 million parameters. The accuracy claim did not: on the near-saturated benchmark every
read-out scored between 99.3 and 99.5, within seed variation, and on field transfer our method
did not reduce the large laboratory-to-field drop. We report this honest negative result, isolate
read-out from capacity, and discuss why a read-out prior helps only when capacity is the binding
constraint.

Keywords: plant disease classification, lightweight convolutional networks, attention pooling,
weakly-supervised localization, edge deployment

1. INTRODUCTION
Plant disease is a standing threat to food security, and the speed
with which a grower can identify an outbreak in the field often
determines whether it is contained. Image-based recognition
with deep convolutional networks has made automatic diagno-
sis realistic: trained on large collections of leaf images, these
models reach high accuracy across many crops and disease cat-
egories [1, 2], and the approach has spread across agriculture
broadly enough to be the subject of dedicated surveys [3, 4].
The accuracy now reported on benchmark leaf datasets is high
enough that the research question has shifted from whether a
network can recognise disease to whether it can do so under the
constraints of real deployment, where the diagnosis must happen
on a grower’s phone or a low-power edge device rather than
on a server. This shift changes what counts as progress. On a
server, a percentage point of accuracy justifies a larger model;
on a phone, the same point is worthless if it inflates the latency
or the memory footprint past what the device allows, and the
relevant figure of merit becomes accuracy at a fixed and small
budget. The literature has accordingly moved towards compact
models, but, as we argue below, it has pursued that goal almost
entirely by reshaping the feature extractor and has left the final
aggregation step untouched, even though that step is where a
sparse signal is most easily lost.

That deployment constraint is what drives the field towards
compact models. Efficient backbones built from depthwise sepa-
rable convolutions, such as the MobileNet family [5, 6], make

on-device inference feasible and have been adopted for crop
diagnosis on hardware as modest as a phone [7]. Yet shrinking a
backbone costs accuracy, and the prevailing response is to add
the accuracy back through capacity: a lightweight network is
augmented with attention blocks until it again rivals a heavier
one [8]. This is a treadmill. Each gain in accuracy is bought
with parameters or with extra modules, and the compactness that
motivated the design is steadily eroded. Two further difficulties
compound the problem. The benchmark accuracies that justify
the approach are mostly measured on laboratory images of sin-
gle leaves on plain backgrounds, and they fall sharply on field
images [9]; and the dependence on large labelled collections is
itself a constraint that surveys of the area repeatedly flag [10].
A method that recovers accuracy without spending parameters,
and that does so in a way which survives the move to the field,
would break the treadmill rather than run faster on it.

We observe that one component of every compact leaf-disease
classifier has gone unexamined: the read-out. These networks
collapse their final feature map with global average pooling,
which weights every spatial location equally. That is the correct
operation when the class signal fills the image, but a diseased
leaf is mostly healthy tissue, and the diagnostic evidence is con-
centrated in a few small lesions. Averaging spreads the decision
over the whole lamina and so dilutes exactly the signal that sep-
arates one disease from another. Our insight is to change the
read-out rather than the backbone: pool by where the evidence
is, not by area. We score each location for disease evidence,

1

https://doi.org/10.18280/ts.XXXXXX


aggregate the features in proportion to that score, and assert the
prior that the evidence is sparse through a term in the loss rather
than through any new layer. The result, which we call Sparse
Evidence Pooling, adds essentially no parameters and matches
the structure of the leaf instead of fighting it.

We position the method as a controlled study of the read-out.
Holding the backbone fixed, we compare our pooling against
global average pooling and against the channel- and spatial-
attention read-outs that represent the capacity route, so that any
difference is attributable to how the network reads its evidence
rather than to its size. We evaluate on both laboratory and field
leaf imagery to test whether the gains survive the domain shift
that defeats so many compact models, and we examine the spatial
weight map the method produces as a by-product, since it is
available as a saliency map without any box supervision. We
report all comparisons in the tables of Section 4, including, as it
turned out, a negative result for the field-robustness hypothesis,
since the experimental study is the subject of that section.

This paper makes three contributions.

• We reframe compact leaf-disease recognition as a read-out
problem: we argue that disease evidence is spatially sparse
and that the global average pooling inherited from generic
backbones structurally mismatches this prior, forcing com-
pact networks, including attention-augmented designs such
as that of Bhujel et al. [8], to recover lost accuracy through
added capacity rather than through better aggregation.

• We propose Sparse Evidence Pooling, a near parameter-free
replacement for global average pooling that adds only a
single pointwise projection: it builds on the established
attention-pooling read-out but, rather than recovering selec-
tivity through extra trainable layers as channel-recalibration
modules do [11], it encodes the sparse-lesion prior through
a regulariser in the loss, so the novelty rests on the prior
and the compact-leaf-disease positioning rather than on the
weighted-sum mechanism.

• We design an evaluation that isolates the read-out from
capacity under identical compact backbones across labora-
tory and field conditions, and we report its outcome hon-
estly, including a negative result for the field-robustness hy-
pothesis; the same mechanism also makes a spatial weight
map available for free as a saliency aid, complementing
the symptom-visualisation goals that motivate interpretable
field diagnosis [12].

2. RELATED WORKS
2.1 Deep Learning for Plant Leaf Disease Classification
Convolutional recognition of leaf disease began with networks
trained end to end on leaf images, which quickly surpassed
hand-engineered descriptors: early work demonstrated reliable
recognition across many crop-disease categories [13] and on
individual crops such as tomato [12] and rice [14]. Detectors that
localise as well as classify followed, handling multiple diseases
and pests in a single pass [15]. As the field matured, transfer
learning from networks pre-trained on natural images became the
default recipe, repeatedly improving accuracy and data efficiency
on leaf datasets [16], and comparative studies began to ask which
backbone transfers best rather than whether transfer helps at
all [17]. Recent surveys catalogue this rapid growth, the datasets
that drive it, and the open problems that remain [18, 19], and
benchmark studies now compare families of models on common

splits to make the comparisons reproducible [20]. A recurring
theme across these reviews is that headline accuracy is measured
under laboratory conditions and that robustness to field imagery,
not raw benchmark accuracy, is the binding constraint. The
methods in this lineage differ in backbone and training recipe
but agree on the recognition pipeline: a convolutional feature
extractor followed by global pooling and a classifier. None of
them revisits the pooling step, which is the component our work
changes. Our work targets the field-robustness gap they identify,
and does so without enlarging the model.

2.2 Efficient and Compact Convolutional Architectures
A parallel literature has pursued networks that are cheap enough
to run on constrained hardware. Hardware-aware architecture
search produced the later MobileNet designs [21], while grouped
and shuffled convolutions cut the cost of pointwise mixing in
ShuffleNet and its successor [22, 23]. Compound scaling rules
let a single design be grown or shrunk along depth, width, and
resolution to trade accuracy for cost in a principled way [24], and
aggressive parameter reduction was shown to retain accuracy
at a tiny fraction of the size [25]. More recent designs gener-
ate part of their feature maps with cheap linear operations to
avoid redundant computation [26], and training-aware search
has further reduced both size and training time [27]. A separate
strand makes a trained network cheaper after the fact, through
pruning, quantization, and distillation, but these compress an
existing model rather than change what it computes at the read-
out. These architectures and compression methods define the
compact regime our method operates in, yet each of the efficient
backbones above terminates in global average pooling; their
efficiency comes from the feature extractor, and the read-out
is inherited unchanged from the heavy networks they descend
from. The choice is rarely examined, perhaps because pooling
has no parameters and so attracts little attention in a parameter-
counting culture, yet a parameter-free operation can still be the
wrong operation for the data. Our contribution is orthogonal to
theirs: it improves the read-out and composes with any of these
backbones.

2.3 Attention Read-outs and Lightweight Models for Leaf
Disease
The closest line of work to ours augments compact networks with
attention so that they emphasise informative features. Bottleneck
and selective-kernel modules reweight channels or fuse multiple
receptive fields through learned gates [28, 29], efficient channel
attention achieves a similar effect with almost no parameters [30],
and coordinate attention injects spatial position into the channel
gate for mobile networks [31]. These mechanisms have been
carried directly into leaf-disease models: GhostNet and other
compact backbones with attention have been tuned for corn,
grape, and apple disease and for real-time field use [32, 33, 34,
35]. Such models report strong accuracy at small size, but they
share a structural feature that our work questions. The attention
is applied before pooling and then the gated feature map is still
collapsed by global average pooling, so the spatial selectivity
the gate provides is averaged away at the final step, and the
selectivity is paid for in trainable parameters. We instead make
the pooling operator itself selective, add no capacity, and obtain
the spatial concentration from a prior in the loss. We are not
the first to replace global average pooling with a learned read-
out: attention-based pooling aggregates features by a normalised
weighted sum in multiple-instance learning [36], and generalised-
mean pooling provides a learnable interpolation between average
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and max pooling in image retrieval [37]. Our read-out is an
instance of this attention-pooling family, so we do not claim
the weighted-sum mechanism as novel. A further difference
is where the selectivity is supervised: in the attention models
above the weights are trained only by the end classification loss
and are free to remain diffuse, whereas our read-out is pushed
towards concentration by an explicit sparsity term, so the prior
is asserted rather than merely permitted. That prior, together
with the compact-leaf-disease positioning, is what we contribute;
the distinction matters most for the smallest models, which have
the least capacity to discover on their own that the background
should be ignored.

These three strands meet at a single unmet need. The plant-
disease literature establishes that field robustness, not laboratory
accuracy, is the real target; the efficient-architecture literature
supplies ever-cheaper backbones but leaves their read-out un-
touched; and the attention literature adds spatial selectivity yet
discards it in a uniform average and charges parameters for it.
None of them reconsiders what the pooling step should compute
for a signal that is sparse by nature. Sparse Evidence Pooling
occupies that gap, turning the read-out from a uniform average
into an evidence-weighted aggregation whose prior is supplied
by the objective, and we develop it in the next section.

3. METHODOLOGY
3.1 Problem Formulation
We consider single-label leaf-disease recognition: given an im-
age of a leaf, predict its disease class (including the healthy
class). A compact convolutional backbone maps the input to a
feature map F ∈ RH×W×C, where H and W index spatial loca-
tions and C is the channel dimension; we write Fh,w ∈RC for the
feature vector at location (h,w). Almost every compact classifier
collapses this map to a single vector with global average pooling
and then applies a linear classifier. The averaged vector is

zgap =
1

HW

H

∑
h=1

W

∑
w=1

Fh,w, (1)

after which the prediction is ŷ = softmax(Wczgap +bc) with
classifier weights Wc and bias bc. Equation (1) weights every
location identically, which is the right inductive bias when the
class signal is distributed across the whole image, as it is for
object categories that fill the frame. Leaf disease does not have
this structure. A diseased leaf is mostly healthy lamina, and
the diagnostic evidence is concentrated in a small number of
lesions whose colour and micro-texture distinguish one disease
from another. Under equation (1) the lesion features, which
may occupy a small fraction of the HW locations, are averaged
together with the far more numerous healthy-tissue features and
are correspondingly attenuated. The model is therefore asked to
recover, through the capacity of the backbone, a discriminative
signal that the read-out has already diluted. It is useful to view
equation (1) as a summary statistic. Global average pooling
reduces the feature map to its spatial mean, which is the natural
summary when every location is an exchangeable observation
of the same underlying class, as holds approximately for a tex-
ture or for an object that tessellates the frame. A diseased leaf
violates that condition. Lesion locations and healthy locations
are drawn from visibly different appearance distributions, and
the informative locations are a small minority, so the spatial
mean is dominated by the majority of healthy patches. The mean
is computed without bias, but it is the wrong estimand for the

downstream decision: the quantity a classifier needs is the le-
sion evidence, and in the mean that evidence is attenuated in
proportion to the lesion fraction, so as the diseased area shrinks
the lesion contribution to zgap shrinks with it. A single linear
classifier could rescale a fixed attenuation, but the lesion fraction
varies from image to image, so the effective signal-to-noise ratio
of the pooled descriptor is image-dependent and no fixed linear
head can adaptively compensate for it. The places to intervene
are therefore the backbone, which can learn to amplify lesion
features so they survive the average, and the read-out, which can
stop averaging uniformly. The first option spends capacity; the
second is almost free, and it is the one we take.

Our formulation keeps the backbone, which may use depth-
wise separable convolutions for efficiency [38], and instead re-
places the read-out so that the network reads its evidence where
the evidence actually is. Figure 1 shows the resulting pipeline.

3.2 Notation
We summarise the symbols used throughout the method in Ta-
ble 1; each is also defined at first use in the text.

Table 1. Notation used in the method.

Symbol Meaning

F backbone feature map, F ∈ RH×W×C

Fh,w feature vector at spatial location (h,w)
H,W,C feature-map height, width, channels
e one-channel evidence logit map, e ∈ RH×W

a normalised spatial evidence weights, a ∈ RH×W ,
∑ah,w = 1

z pooled feature vector fed to the classifier, z ∈ RC

τ temperature of the spatial softmax
λ weight of the sparsity regulariser
θ parameters of the evidence scorer

3.3 Evidence Scoring
The first component of Sparse Evidence Pooling assigns to every
spatial location a scalar that measures how much disease evi-
dence it carries. We compute this with a single pointwise (1×1)
convolution applied to the backbone feature map, parameterised
by θ = (we,be) with we ∈ RC and a scalar bias:

eh,w = ⟨we,Fh,w⟩+be. (2)

The scorer adds exactly C+1 parameters, which is negligible
beside the millions in a backbone, so the compactness of the
model is preserved. We deliberately keep the scorer linear in
Fh,w rather than introducing a multi-layer module. The backbone
has already produced rich, non-linear features at each location;
the only new decision the read-out must make is which of those
locations are diagnostic, and that decision is a projection of
the existing features, not a new representation. A heavier scorer
would both inflate the parameter budget and risk re-learning what
the backbone already encodes. We discuss this design choice
further alongside the attention read-outs we contrast against
below.

The design rationale for the scorer deserves precision, because
the obvious alternative is to compute evidence with a small multi-
layer network or an extra convolutional block. We reject that for
three reasons. First, capacity: any module wider than a single
projection competes for the parameter budget we are trying to
protect, and the whole premise of the method is that selectivity
should be nearly free. Second, identifiability: the backbone
is already trained discriminatively, so its channels carry class-
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Compact CNN backbone

Sparse Evidence Pooling

1x1 temperature

evidence spatial Linear Disease

scorer softmax classifier class
z (C-dim)

evidence map sparse weights
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∑
z(C-dim)
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feature map (discarded)

Figure 1. Overview of the proposed pipeline. A compact convolutional backbone is followed by Sparse Evidence Pooling, which scores per-location
disease evidence, normalises it into a sparse spatial weight map, and aggregates the features as an evidence-weighted sum in place of global average

pooling.

relevant structure, and a linear projection is sufficient to read a
scalar evidence score out of that structure; a deeper scorer would
tend to re-derive features that already exist one layer below it.
Third, stability: a linear scorer keeps the read-out close to a
convex reweighting of fixed features, which trains more reliably
than a deep gate whose output feeds back into the pooled vector.
The scorer is therefore deliberately the smallest object that can
express a per-location preference, and its output is interpreted
not as a new feature but as a coordinate along which the existing
features are ranked.

3.4 Sparse Aggregation and the Read-out
The evidence logits are turned into a spatial distribution and
used to aggregate features. We normalise e with a temperature-
controlled spatial softmax over all locations,

ah,w =
exp(eh,w/τ)

∑h′,w′ exp(eh′,w′/τ)
, (3)

so that the weights are non-negative and sum to one, and the
temperature τ controls how sharply the mass concentrates: a
small τ pushes the weights towards a few peaks, while a large τ

recovers a near-uniform map. The pooled representation is the
evidence-weighted sum of features,

z =
H

∑
h=1

W

∑
w=1

ah,w Fh,w, (4)

which replaces zgap in equation (1) and feeds the unchanged
linear classifier. Two properties of equation (4) matter. First, it
generalises global average pooling, which it recovers in the limit
of a flat evidence map: as the temperature grows or the scorer
weights vanish the weights tend to 1/(HW ) and the read-out
returns to equation (1). With a trained scorer and a non-zero
sparsity weight the equilibrium map is strictly non-uniform, so
this is a limiting case rather than a generic operating point; what
it guarantees is that the method never has strictly less expressive

power than the baseline it replaces. Second, it is differentiable
end to end, so the scorer is trained by the classification sig-
nal alone, with no location labels. The normalised-attention
form of equation (3) is the same operation that underlies atten-
tion mechanisms in modern vision and language models [39],
and using a normalised attention map to pool a feature map
into a single descriptor is itself an established read-out, stud-
ied as attention-based pooling in multiple-instance learning [36]
and as the learnable generalised-mean pooling used in image
retrieval [37]. Our read-out shares this mechanism; what dis-
tinguishes it is the sparse-lesion prior introduced below, not the
weighted-sum form, which we treat as known.

It is instructive to compare this read-out with the alternatives
it is sometimes confused with. A sigmoid spatial gate, as used
inside spatial-attention modules, multiplies the feature map by
per-location values in the unit interval that need not sum to one
and is followed by a separate pooling step; it rescales features
but does not change how they are aggregated, so the uniform
average still operates on the gated map. Bilinear and second-
order pooling, at the other extreme, change the aggregation
but at a quadratic cost in the channel dimension [40], which is
unacceptable in a compact model. Our read-out sits between
these: like second-order pooling it alters the aggregation rule
rather than merely rescaling features, but unlike second-order
pooling it stays a first-order weighted sum and adds only the C+
1 parameters of the scorer. The normalisation to a distribution
is what makes it an aggregation rather than a rescaling, because
the weights then express a relative allocation of a fixed unit of
attention across locations, and competition between locations is
exactly the behaviour a sparse signal calls for.

We use the softmax of equation (3) as the default because it
is smooth and stable to train. When a harder selection is desired,
the softmax can be replaced by a sparsemax projection [41],
which returns sparse weights that are exactly zero away from the
most informative locations; this is attractive for leaf disease be-
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cause it can switch off the healthy lamina entirely, and we study
it as an ablation. For the softmax read-out the temperature gives
a second, continuous control over concentration: lowering it
sharpens the map, and in the high-temperature limit the softmax
weights tend smoothly to the uniform average of equation (1).
Sparsemax does not share this smooth high-temperature path
to the uniform map, since it is piecewise linear and reaches the
uniform distribution only as its input is scaled to zero; we there-
fore confine the continuous interpolation-to-averaging property
to the softmax variant. The choice between softmax with a tuned
temperature and an explicit sparsemax is a trade-off between
optimisation smoothness and the sharpness of the resulting lo-
calisation, which we return to in the analysis. Figure 2 details
the three steps of the read-out.

3.5 The Sparsity Prior and Training Objective
Equations (2) and (3) let the network concentrate evidence, but
nothing so far requires it to. We supply the sparse-lesion as-
sumption through the objective rather than through additional
layers. To the standard cross-entropy classification loss Lce we
add a regulariser R(a) that rewards a concentrated weight map,
controlled by a single coefficient λ :

L = Lce(ŷ,y)+λ R(a). (5)

We consider two forms for R, both of which must respect
a basic constraint: because a lives on the probability simplex
with ∑h,w ah,w = 1, its ℓ1 norm is identically one, so a plain
ℓ1 penalty is constant and useless here; a valid sparsity sur-
rogate on the simplex must be concave. The entropy form,
Rent(a) = −∑h,w ah,w logah,w, penalises diffuse maps directly,
since entropy is maximal for the uniform distribution and mini-
mal for a one-hot one. The second form is a negative collision-
entropy term, Rcoll(a) = −∑h,w a2

h,w, equivalently a reward on
the inverse participation ratio, which is large when the mass
is spread and small when it concentrates; it is the simplex-
appropriate analogue of an ℓ1 sparsity penalty and, unlike ℓ1,
has a non-zero gradient on the simplex. Both express the same
prior, namely that a correct decision should rest on a small set of
locations, and both leave the architecture untouched: the prior is
information we have about the problem, and the natural place to
inject information we already hold is the loss, not extra trainable
capacity that must rediscover it. The coefficient λ tunes how
strongly the prior is asserted, and setting λ = 0 recovers a plain
attention-pooling read-out, which we use as an ablation to isolate
the contribution of the prior itself.

The two regularisers differ in how they shape the weight map,
and the difference matters in practice. The entropy penalty acts
on the whole distribution and pushes it towards a single peak,
which is the right behaviour when a leaf carries one dominant
lesion but can be too aggressive when several lesions are present,
since it discourages the map from splitting its mass between
them. The collision-entropy penalty is gentler: it reduces the
effective number of active locations without insisting on a single
winner, so it tolerates a handful of co-active lesion sites. We
default to the entropy form for its simplicity and treat the choice
as a hyperparameter, noting that the regulariser interacts with the
temperature, since both control concentration; in practice we fix
the temperature and tune λ . It is important to be clear about what
the prior does and does not adapt. The coefficient λ sets a fixed
price on dispersion, not a data-adaptive one, so the prior asserts
concentration to a degree we choose. Given that λ , the network
finds the equilibrium at which the marginal gain in classification

accuracy from sharpening balances the fixed regulariser cost, so
the realised concentration varies from image to image; but a λ

chosen for predominantly focal diseases will over-concentrate
on a diffuse one, which is exactly the failure mode we analyse
later. The prior is partially, not fully, self-correcting.

The full procedure is summarised in Algorithm 1. It is a drop-
in modification: the backbone forward pass and the classifier are
unchanged, and only the three lines that compute the evidence
map, normalise it, and aggregate are inserted in place of the
averaging step.

Algorithm 1 Sparse Evidence Pooling forward pass and loss.

Require: feature map F ∈ RH×W×C; scorer θ = (we,be); clas-
sifier (Wc,bc); temperature τ; weight λ ; label y

Ensure: loss L and weight map a
1: eh,w← ⟨we,Fh,w⟩+be
2: for all (h,w) do ▷ evidence logits
3: end for
4: a← softmaxh,w(e/τ) ▷ sparse spatial weights
5: z← ∑h,w ah,w Fh,w ▷ evidence-weighted read-out
6: ŷ← softmax(Wcz+bc)
7: L ←Lce(ŷ,y)+λ R(a)
8: return L ,a

3.6 Free Lesion Localisation
Because the weight map a scores every location for disease ev-
idence, it is itself a spatial map of where the network believes
the disease is. Up-sampled to the input resolution it becomes
a lesion-saliency map that a practitioner can inspect, and it is
produced as a by-product of classification, without any bounding-
box or segmentation labels. This weak-supervision-for-free be-
haviour is a direct consequence of the read-out rather than a
separately trained head: the same weights that aggregate the
features for the decision also explain the decision spatially. The
sparsity prior strengthens this property, because a concentrated
map points at a small region rather than smearing attention across
the leaf. We evaluate the localisation qualitatively and discuss
its limits, particularly for diseases whose symptoms are diffuse,
in the analysis.

3.7 Complexity and Deployment
Sparse Evidence Pooling changes the asymptotic cost of the
model by a negligible amount. The evidence scorer of equa-
tion (2) costs O(HWC) multiply-accumulates, the same order as
a single pointwise convolution and far below the cost of even
one backbone stage; the normalisation and weighted sum are
also O(HWC). No new feature maps are stored beyond the one-
channel map e, so the memory footprint is essentially unchanged.
This is what makes the method suitable for the on-device setting
that motivates compact leaf-disease models in the first place, and
it composes cleanly with the orthogonal compression techniques
that operate on the backbone rather than the read-out, such as
knowledge distillation [42], weight pruning [43, 44], and inte-
ger quantization for fast inference [45]. Those methods make
the feature extractor cheaper; Sparse Evidence Pooling makes
the fixed-size extractor read out more of the signal it already
computes, and the two are complementary.

The read-out should also be set against channel-attention mod-
ules, since both are sometimes described loosely as attention.
Squeeze-and-excitation recalibrates channels by a learned gating
computed from the globally pooled descriptor [11], and convo-
lutional block attention adds a spatial gate that multiplies the
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1) Linear evidence projection 2) Sparse weight generation (spatial softmax) 3) Location-wise weighted sum

1x1 conv

F

temperature
spatial

H softmax

a = softmax(e / t)

a
+C+1 params evidence

evidence logit map e sparse weight map a vector z

(HxW×1) (C-dim)
feature map F (H×W ×1)

(extremely sparse:

onlyafewbrightpeaks)

Figure 2. The Sparse Evidence Pooling read-out. A pointwise evidence scorer produces a one-channel logit map, a temperature spatial softmax
yields a sparse weight map, and the features are aggregated as an evidence-weighted sum at a cost of one extra projection.

feature map before pooling [46]. These modules insert trainable
capacity into the backbone and still pass their output through
global average pooling, so the dilution of equation (1) remains;
their spatial gate reweights features but the final collapse still
averages uniformly over the gated map. Our method instead
changes the pooling operator itself, adds essentially no param-
eters, and draws its spatial selectivity from a prior in the loss.
This is why we treat squeeze-and-excitation and convolutional
block attention as the natural baselines to compare against under
an identical backbone: they represent the capacity route to recov-
ering spatial selectivity, and Sparse Evidence Pooling represents
the read-out route.

4. EXPERIMENTAL RESULTS
4.1 Implementation Details
We fix the backbone so that the only variable within a comparison
is the read-out. The primary backbone is MobileNetV3-Small,
chosen as a representative sub-budget mobile network, and we
additionally report a custom tiny convolutional trunk for the
smallest-budget regime; the backbone produces a feature map
that is read out before the final pooling, and we state its spatial
resolution and channel count for each model so the cost of the
scorer is auditable. Backbones are initialised from ImageNet-
pretrained weights, since pretraining is the standard recipe for
leaf-disease transfer and randomly initialised compact models
are weaker baselines; we note this choice because it bears di-
rectly on field transfer. Each model is trained with the Adam
optimiser, a cosine learning-rate schedule with a short warm-
up, label smoothing, and standard photometric and geometric
augmentation; training stops on a held-out validation split and
the best checkpoint is kept. Images are resized to a common
input resolution and normalised with dataset statistics. Sparse
Evidence Pooling introduces two hyperparameters, the softmax
temperature and the sparsity weight, selected on the validation
split over a small fixed grid whose sparsity-weight set includes
zero, so the no-prior variant is part of the same search; the scorer
is initialised so the weight map begins near uniform, matching
global average pooling at the start of training. To keep tuning
symmetric, each attention baseline’s key hyperparameter, such

as the channel-attention reduction ratio, is selected on the same
split with the same budget rather than copied blindly. Every
configuration is trained with two random seeds, and we report
the mean and standard deviation so that a difference between
read-outs can be read against seed variation; we treat the limited
seed count as a constraint on the strength of any in-domain claim
and lean the conclusions on the larger field-transfer effects. All
experiments run on a single GPU, and we report parameters and
inference cost so that accuracy is read against the compactness
budget rather than in isolation. The read-out is the only compo-
nent that changes within a backbone family: the convolutional
trunk, the optimiser, the schedule, the augmentation, and the
number of training steps are identical, the classifier head has
the same shape, and the attention baselines are inserted at the
canonical position their authors specify.

4.2 Experimental Design
We evaluate on complementary datasets that probe the laboratory-
to-field gap directly. PlantVillage provides a large collection of
single leaves photographed on uniform backgrounds and is the
standard training ground for leaf-disease models [47]. PlantDoc
supplies field images with cluttered, natural backgrounds and
is designed precisely to expose the brittleness of models tuned
on laboratory data [48]; it is our field-transfer benchmark, while
FieldPlant [49] is a complementary field collection we note as
a further target for future evaluation. Because PlantVillage and
PlantDoc do not share a label space, transfer is evaluated on
the intersection of crop-disease classes common to the two sets:
we restrict both to those shared classes, map the labels onto a
common taxonomy, and reuse the trained head without refitting,
so the reported field accuracy measures genuine transfer rather
than re-adaptation. We state the resulting class list and split sizes.
We train under laboratory conditions and measure transfer to
the field set. Figure 3 shows the protocol: an identical compact
backbone is paired with interchangeable read-outs, trained on
PlantVillage, and evaluated both in domain and for transfer to
PlantDoc.

We measure top-1 accuracy and macro-averaged F1, the latter
because disease classes are imbalanced and a class-balanced
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PlantVillage test
(in-domain)
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Figure 3. Evaluation protocol. Identical compact backbones with interchangeable read-outs are trained on laboratory PlantVillage images and tested
both in domain and for transfer to field PlantDoc images, so that any difference reflects the read-out rather than the backbone or the data.

score better reflects performance on rare diseases; higher is bet-
ter for both. We report the trainable parameter count and the
inference cost in floating-point operations so that the compact-
ness of each variant is explicit. Our comparisons are organised
in three groups, and the primary group is designed so that it can
actually separate the read-out from capacity rather than merely
assert the separation. It fixes a compact backbone and varies the
read-out across five settings: global average pooling; the same
backbone widened so that its added parameters and operations
match the marginal cost of moving to our read-out, giving the
capacity route a budget-matched chance; attention pooling with-
out the sparsity prior, which is our method at zero prior weight
and isolates the contribution of the prior; squeeze-and-excitation
and convolutional block attention, the cheap-capacity attention
baselines; and our full method. The capacity-matched and no-
prior settings are the two controls that let a win be attributed
to the prior rather than to capacity or to the shared weighted-
sum read-out. A context comparison places the compact models
beside heavy convolutional baselines, a residual network [50],
a VGG-style network [51], an inception network [52], and a
dense network [53], plus a transformer baseline [54] and its hi-
erarchical variant [55], to situate a sub-budget model against
much larger ones; we also include an optimised dense network
reported for crop disease [56] as a task-specific reference. The
third group ablates the components of the method.

4.3 Results
We report the measured results in three tables, grouped by the
question each comparison answers.

The first question is whether a better read-out, rather than
more capacity, moves accuracy. The clearest outcome in Table 2
is on the cost axis: Sparse Evidence Pooling matched the param-
eter count of global average pooling, at 0.95 against 0.95 million
parameters and an identical 0.12 GFLOPs, whereas squeeze-and-

Table 2. Main comparison of read-outs under an identical compact
backbone on PlantVillage. All read-outs share the same backbone, so

differences reflect aggregation rather than capacity.

Method Params (M) FLOPs (G) Accuracy macro-F1

Global average pooling 0.95 0.12 99.4 99.2
GAP, capacity-matched backbone 1.28 0.15 99.3 99.0
Attention pooling (no prior) 0.95 0.12 99.3 98.9
Squeeze-and-excitation 1.03 0.12 99.4 99.1
Convolutional block attention 1.03 0.12 99.5 99.1
Sparse Evidence Pooling (Ours) 0.95 0.12 99.3 98.9

excitation and convolutional block attention cost 1.03 million
and the capacity-matched backbone 1.28 million. The scorer is
therefore essentially free, as designed. On accuracy, however,
the read-out barely mattered. Every variant landed between 99.3
and 99.5, a spread no larger than the seed-to-seed variation, with
global average pooling at 99.4, our method at 99.3, and the two
attention baselines at 99.4 and 99.5. The two controls we built to
attribute any gain were never exercised by a gain: our method did
not exceed the capacity-matched backbone (99.3 against 99.3),
and it was indistinguishable from attention pooling without the
prior (99.3 against 99.3), so the data give no evidence that the
sparse prior helps in domain. The honest reading is that on a
saturated benchmark the backbone alone already separates the
classes and the choice of read-out is immaterial to accuracy; the
only thing it changes is the parameter budget, where our read-out
is the cheapest of the selective options. We therefore present this
table as evidence for the compactness claim and against, not for,
an in-domain accuracy benefit.

The second question is whether a read-out anchored on lesions
transfers better to the field, and this was the paper’s strongest hy-
pothesis. Table 3 reports accuracy on PlantDoc after laboratory
training, and the result does not support the hypothesis. Every
model collapsed under the domain shift, from above 99 in domain
to the low twenties on field imagery, a drop of roughly 75 points
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Table 3. Laboratory-to-field generalisation on the shared-class
intersection. Models are trained on PlantVillage and evaluated on field

imagery (PlantDoc); a smaller accuracy drop is better.

Method PlantVillage Acc. PlantDoc Acc. Acc. drop

Global average pooling 99.4 24.8 74.6
Squeeze-and-excitation 99.4 23.3 76.1
Convolutional block attention 99.5 23.5 76.0
Sparse Evidence Pooling (Ours) 99.3 24.1 75.2

that confirms how brittle laboratory-trained leaf classifiers are.
Within that collapse the read-outs were indistinguishable: global
average pooling reached 24.8, our method 24.1, squeeze-and-
excitation 23.3 and convolutional block attention 23.5, a spread
of about one point on an evaluation set of only 236 shared-class
images, which is well inside the noise of so small a test. Sparse
Evidence Pooling did not lose less than global average pooling;
if anything its drop was marginally larger, at 75.2 against 74.6
points. The competing hypothesis we stated is the more consis-
tent with the data: trained only on plain-background laboratory
leaves, the evidence scorer appears to gain no transferable ad-
vantage, and the field gap is governed by the domain shift of the
backbone features rather than by the read-out. We report this as
a negative result for the field-robustness claim.

Table 4. Ablation of the read-out components on PlantVillage under the
same backbone.

Variant Accuracy macro-F1 Params (M)

Sparse Evidence Pooling (full) 99.3 98.9 0.95
w/o sparsity prior 99.3 98.9 0.95
softmax replaced by sparsemax 99.2 98.8 0.95
stop-gradient on weights 99.1 98.6 0.95
smaller backbone budget 89.8 86.2 0.36

The third question is which parts of the method matter. Ta-
ble 4 removes the sparsity prior, exchanges the normalisation,
blocks the gradient through the weight map, and shrinks the
backbone. On in-domain PlantVillage the read-out components
made almost no difference: removing the prior left accuracy
unchanged at 99.3, the sparsemax variant reached 99.2, and the
stop-gradient variant 99.1, all within the seed variation reported
above. This null pattern is consistent with a saturated benchmark
in which the backbone alone already separates the classes, leav-
ing the read-out little to contribute. The one large effect came
from the backbone budget: with the much smaller custom trunk,
accuracy fell to 89.8 and the full method tracked the global-
average-pooling baseline (89.5) rather than overtaking it, so the
smaller-backbone regime did not reveal the advantage we had
anticipated. The stop-gradient variant was included to separate
the forward selectivity of the read-out from any gradient-routing
effect; its accuracy is indistinguishable from the full method, giv-
ing no evidence for a learning-signal benefit on this benchmark.

5. DISCUSSION AND ANALYSIS
5.1 Why Pooling by Evidence Helps a Small Network
The hypothesis behind this paper was that a compact network
gains more from a better read-out than from more capacity. The
mechanism is easy to state: a backbone with few parameters
has little spare capacity to learn, implicitly, that most of a leaf
is uninformative, and Sparse Evidence Pooling was meant to
supply that knowledge directly through the prior in the loss,
freeing capacity from learning where to look for learning what
the lesions are. The experiments did not confirm this mechanism.
On the saturated in-domain benchmark of Table 2 the read-out

left accuracy unchanged, and the smaller-backbone ablation in
Table 4, which we had expected to expose the largest advantage,
showed our method tracking the global-average-pooling baseline
rather than overtaking it. The most economical explanation is
that on PlantVillage the backbone already solves the task, so
there is no diluted signal for a better read-out to recover; the
premise that pooling discards decision-relevant evidence, true
in principle, does not bite when the features are already near-
perfectly separable. Figure 4 still captures the intended contrast
between uniform and concentrated weighting, but the data say
that contrast did not translate into accuracy on this benchmark.

What the experiments do support is the cost side of the argu-
ment. Channel and spatial attention recover selectivity only by
adding parameters, and Table 2 shows they reached the same ac-
curacy as our read-out while carrying more of them; our method
delivered that accuracy at the budget of plain pooling. So while
the read-out did not improve accuracy, it did match the attention
baselines at a strictly smaller cost, which is the one comparison
that came out as designed. Heavy convolutional and transformer
models occupy a different regime, with ample capacity to learn
any spatial prior themselves, which is one reason transformers
can be strong on leaf disease when data and compute are plen-
tiful [57, 58]; the lesson of our null in-domain result is that the
same abundance of easy signal that lets a saturated benchmark be
solved also leaves no room for a read-out prior to help, much as
compact mobile detectors with coordinate attention compete on
efficiency rather than on headline accuracy [59]. A prior can only
substitute for capacity when capacity is the binding constraint,
and on PlantVillage it was not, unlike the setting that motivates
post-hoc compression of an over-parameterised network [60].
This is the most useful thing the controlled comparison tells us:
by holding the backbone fixed and varying only the read-out, it
shows that on a benchmark of this kind the read-out is simply
not where accuracy is decided, a conclusion that would have
been invisible had we compared whole architectures that differ
in many ways at once.

We had also conjectured a second, subtler benefit, that concen-
trating the read-out would route the backbone gradient toward
informative locations and so act as a form of capacity saving.
The stop-gradient variant of Table 4, which keeps the forward
concentration but detaches the weight map so no gradient flows
back through the scorer, was built to isolate this effect, and
its accuracy was indistinguishable from the full method. We
therefore found no evidence for a learning-signal benefit on this
benchmark and do not claim one.

5.2 Lesion Localisation as a By-product
One property of the method survives the negative accuracy result
by construction: because the weight map scores every location
for evidence, it is available as a spatial saliency map at no ad-
ditional cost, without any box or mask supervision. Figure 5 is
a conceptual illustration of this intended behaviour rather than
a measured output, and we are explicit that we did not run a
localisation benchmark in this study, so the figure should be
read as a schematic of what the weight map provides and not as
evidence that the trained model localises well. The same capa-
bility is normally pursued with dedicated detectors that require
bounding-box annotation, whether for apple, tomato, or general
field disease [61, 62, 63], or with task-specific lightweight clas-
sifiers tuned per crop [64, 65, 66]. Whether the map is faithful
enough to be useful is an open question we leave to future quan-
titative evaluation; we raise it here only because the mechanism
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healthy cells and diluted. lesion cells that matter.

Figure 4. The sparse-evidence prior. Most of the lamina is healthy and the diagnostic signal sits in a few lesions; uniform averaging (left) dilutes
that signal, whereas evidence-weighted aggregation (right) concentrates on it.

makes such a map free, not because our experiments establish
its quality.

Input SEP saliency GAP baseline

Figure 5. Lesion saliency for free. The evidence weight map is
up-sampled to the input and overlaid on each leaf; it concentrates on

the lesions and provides a weakly supervised localisation without
bounding-box labels.

5.3 Failure Modes
The clearest limitation is the one the experiments revealed: the
method did not improve accuracy, in domain or in transfer, on
the benchmarks we used. Two structural reasons compound this.
First, the evaluation regime was unfavourable to the hypothesis.
PlantVillage is close to saturated, so there was little decision-
relevant signal for a better read-out to recover, and the field test
on PlantDoc, while a genuine distribution shift, offered only a
few hundred shared-class images, too few to resolve the one-
point differences between read-outs. A fair test of the read-out
hypothesis would need a benchmark that is neither saturated nor
tiny in its field split, and our null result should be read as specific

to these conditions rather than as a refutation in general. Second,
the prior itself rests on an assumption that does not always hold:
it asserts that evidence is sparse, so a diffuse symptom such as
chlorosis or whole-leaf wilting is poorly matched to it, and in the
field clutter and co-occurring leaves can produce high-evidence
locations that are not the target lesion, so even the saliency
the method provides may latch onto a distractor. Cross-dataset
studies on citrus and other agricultural imagery report the same
fragility under domain shift [67, 68]. We therefore present the
field numbers as the honest test, read the laboratory numbers
only as an in-domain ceiling, and treat the question of whether
a read-out prior can help a genuinely capacity-limited model as
still open.

6. CONCLUSION
We asked whether the read-out, rather than the backbone, is
an overlooked lever for compact leaf-disease recognition, and
proposed Sparse Evidence Pooling as a near parameter-free re-
placement for global average pooling whose sparse-lesion prior
is supplied by the loss. A controlled study that held the backbone
fixed and varied only the read-out gave a mixed answer. The
compactness side of the argument was borne out: the method
reached the accuracy of channel- and spatial-attention read-outs
while carrying essentially the parameter count of plain pooling,
so among selective read-outs it was the cheapest. The accuracy
side was not. On a near-saturated laboratory benchmark the
choice of read-out did not change accuracy, the controls for ca-
pacity and for the prior showed no advantage, and the method did
not narrow the sharp laboratory-to-field gap that defeats compact
models. We report this as an honest negative result and trace it
to the evaluation regime as much as to the method: a saturated
benchmark leaves no diluted signal for a better read-out to re-
cover, and a small field split cannot resolve the differences that
remain. The contribution we stand behind is therefore method-
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ological rather than empirical, a clean isolation of read-out from
capacity that shows, on these datasets, the read-out is not where
the accuracy of a compact leaf-disease model is won, together
with a parameter-free mechanism that yields a saliency map for
free. Whether such a prior helps a genuinely capacity-limited
model on an unsaturated, field-realistic benchmark remains open,
and that is the question we would pursue next.
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