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ABSTRACT

Tuning feature map resolution in convolutional neural net-
works is critical for characterizing performance tradeoffs with
memory efficiency and computational complexity. However,
most methods rely on manually tuned decimation and upsam-
pling rates to control feature map resolution. Recent advance-
ments have explored differentiable approaches to dynamically
learn feature map resolutions, but are constrained to a preset
range of rates or are exclusively applicable to either decima-
tion or upsampling, but not both. Addressing these limitations,
we propose Resolution Layers that dynamically learn both
decimation and upsampling rates during model training. We
evaluate Resolution Layers in object detection, achieving a
5.4% increase in mean average precision while using a model
that is 19.5% smaller than traditional baseline methods. Ad-
ditionally, we evaluate the approach in multiple classification
tasks, showing it maintains robust performance even when
feature map resolution is reduced by 90%.

Index Terms— learnable resolution, architecture optimiza-
tion, frequency transforms

1. INTRODUCTION

Many components in neural networks are non-differentiable,
turning critical design choices into hyperparameters rather than
learnable quantities. Models are often trained with handcrafted
pyramids, meaning layerwise decimation or upsampling is
hard-coded into the network’s design. These choices directly
impact accuracy, memory footprint, and latency, yet they are
not optimized via gradient descent [1]]. Instead, practitioners
sweep across settings and release multiple model variants
(e.g., YOLOv8 nano/small/large) to balance performance and
efficiency [2].

The challenge in learning these parameters is that many
architectural components are discrete. Gradients are backprop-
agated through continuous variables, but key dimensionality-
changing operators—such as pooling, strided convolutions,
and resizing—are controlled by integers like stride, kernel size,
or target resizing lengths. With standard formulations, gradi-
ents cannot flow to these quantities: networks adapt weights,
but the architecture itself remains fixed. In this work, we use
the term learning resolution to mean treating the spatial or
temporal size of feature maps as a trainable parameter, rather
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Fig. 1. Capability differences between DiffStride [3]] and
Resolution Layers (ours).

than a predefined design choice.

Several approaches have sought to overcome this barrier
by introducing continuous relaxations [4-11]. These methods
make resolution partially learnable, but in constrained ways:
some restrict changes to resolution reduction or upsampling
alone (e.g., DiffStride and FouriScale respectively [3}|12]),
while others learn among fixed multiplicative factors (e.g.,
Shape Adapters and SSHF [[13}|{14]). While valuable, such
approaches cannot flexibly capture cases where resolution
must increase as well as decrease, or where allocation should
vary freely across layers and branches (see Figure [I)). This
leaves important gaps in architectures such as autoencoders
and detectors, which often rely on both decimation and upsam-
pling blocks [2]], and in tasks where optimal compute—accuracy
trade-offs depend on fine-grained resolution control.

We introduce Resolution Layers, a lightweight module that
formulates a layer’s output length, height, and width as learn-
able continuous variables. This allows networks to decide
when and where to allocate resolution, balancing accuracy and
computation end-to-end. For instance, a model may upsam-
ple early to capture fine detail, decimate to save compute, or
pursue different strategies across branches of the same architec-
ture. Crucially, these decisions are learned directly via gradient
descent, rather than being hand-crafted or heuristically chosen.

2. RELATED WORK

Several approaches have attempted to make resolution a learn-
able component of network design. Shape Adaptors [13] inter-
polate between pooled and unpooled branches but are limited
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Fig. 2. Resolution layer overview following notation in Algorithm T}

to a set of pre-defined scaling factors. DynOPool extends this
by supporting both up- and downsampling through dynami-
cally optimized pooling, though at the cost of added complex-
ity [[11]. Scale-Space HyperNetworks introduce a learnable
scaling factor for efficient high-resolution imaging, but require
training an auxiliary network to propose candidate scales [14].
In diffusion models, FouriScale replaces CNN layers with
a frequency-domain dilation scheme improving upsampling
consistency [12].

The work most directly aligned with ours is DiffStride [3]],
which formulates downsampling as a differentiable cropping
operation in the Fourier domain. DiffStride is compelling for
its elegance: resizing is expressed as a transform—inverse pair,
making the method both simple and efficient. However, its
formulation is restricted to resolution reduction. Our work ex-
tends this principle to encompass both decimation and upsam-
pling in a unified framework, thereby broadening DiffStride’s
applicability to tasks that demand flexible resolution control.

3. RESOLUTION LAYERS

Resolution Layers (see Figure [2)) extend the transform-inverse
formulation of DiffStride. As illustrated in Figure [T] this
formulation can represent (i) pure decimation (left), (ii) archi-
tectures with both up- and downsampling branches (middle),
and (iii) interspersed stacks of up- and downsampling layers
(right). Each Resolution Layer exposes a single learnable scale
s > 0 per resizable dimension (e.g., one parameter in 1D, two
in 2D), making resolution a trainable quantity.

We highlight the key departures from DiffStride: (i) a

general transform-inverse method that is not tied to the FFT
(with the FFT as a natural but non-exclusive choice), (ii) a
unified padding/slicing operator that handles both truncation
and zero-padding, enabling upsampling as well as decimation,
and (iii) small adjustments that improve interpretability. We
present the 1D case for clarity; the 2D case follows by applying
the same steps separably along rows and columns.
Notation. We use underbraces to indicate resulting dimen-
sionality of terms and operations. Let d, € N be the input
length, ¢ = di,s the continuous target length, d,, € N the
output length, and k = [1,...,do,]" the index vector. We
write ® for the Hadamard (element-wise) product.

Pseudocode. We first present the algorithm as pseudocode,
then define each step mathematically.

Algorithm 1 Resolution Layer Forward Pass (1D)

Require: xcR% Jearnable s > 0, taper length ¢
Require: Generator 7 (n) returning T,, € R"*"
I g diy-s > continuous target length (differentiable)

2: dow < [q] -detach () > discrete working length
(non-differentiable)

3 x+ Tyhx > forward transform

4: X < P(%, dou) > pad/truncate to doy

50 k [1, .,dom]T

6: w < clip((g+1—k)/¢, 0, 1) > relaxed mask w(q)

7y~ wOX > apply relaxed mask

gy« Toly > inverse transform with y € R

9: returny

Transform. A key insight is that the employed transforms
are generated as a function of dimensionality: T,, = 7 (n) €
R™ "™, This lets the basis adapt automatically to resolution,
e.g., Ty € R%n>dn and T, € R%«Xdo  This property is
critical for upsampling: it ensures gradients propagate through
a basis that matches the learned output size. The FFT, used in
DiffStride, is a natural but non-exclusive instantiation of 7 (-).
Pad/Truncate. We unify length adjustment with an operator
‘P that either truncates or zero-pads to produce the working
length doy. Unlike DiffStride, which slices only (enforcing
dowt < dip), this definition also supports zero-padding when
dowe > din, enabling learnable upsampling. For x € R,
x €R%u, and m = min(dou, din ),

~ ~ j:kv k S m,
Xk = ['P(X, dout)]k = {0 kE>m

Differentiable mask. We define a continuously relaxed mask,
w, characterized by a linear ramp of length ¢ > 0, tapering
from 1 to 0 near the boundary similarly to [3]]. However, we
shift the ramp by 1 so that the number of nonzero elements
equals doy, improving interpretability (i.e., dow = [q]):

s wi(q )—chp(ﬁ1 ko, 1) k=1,...,dou.



We use ¢ = 4 in our experiments.
Forward pass.
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4. GRADIENT UPDATE

A natural concern with learnable upsampling is that zero-
padding creates dead regions with no gradient. However, with
q = dins, both the relaxed taper w(q) and the output trans-
form Tyt = T (dout) depend on ¢ (hence on s). Thus, even
when P inserts zeros, gradients flow through the taper and
the changed output basis. Concretely, let ‘9L be the upstream
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Taper-only simplification. The gradient of the differentiable
mask is given by:

dq
d,

0, otherwise,

with breakpoints at k = ¢+ 1 — £ and k = g + 1. We define
%q’v := 0 at these endpoints for stability.

ow(q)

Final gradient. Since B is nonzero only on the taper,

OL _ dn A [pTor

% € out Jy
k= |_q+1 £]+1

P inX, dout)} .

dout dout

Even when d,,t > di, and P pads zeros, the nonzero taper
entries are mapped by Tout, whose columns depend on the
learned output dimensionality. As d,, changes, the output
basis changes, allowing gradient flow in the upsampling case.

5. EXPERIMENTS AND RESULTS

We test whether Resolution Layers improve accuracy by allo-
cating resolution more effectively than alternatives. Without
constraints, a Resolution-enabled model may trivially enlarge
intermediate feature-map sizes. Any apparent gain could then
be attributed to increased capacity rather than improved alloca-
tion. To prevent this confound, we evaluate all methods under
a comparable complexity budget that fixes the model’s aggre-
gate resolution. Within this budget, allocation is learned—not
prescribed: the model determines which layers warrant more
or less resolution. Therefore, improvements can be attributed
to improved allocation under comparable capacity.
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Fig. 3. Transform choice under matched budgets on

CIFAR-100 and RadioML: similar at high budgets, DCT sub-
stantially better near 10% complexity.

Complexity definition. We define model complexity as the
sum of layerwise complexities, C' = >, ¢;. In the 1D case, the
layer complexity is ¢; = q; $; (input length ¢; times learned
scale s; for layer [). In the 2D case, the layer complexity is
€l = Qn,15h, + Qu,5w,, where w and h denote height and
width respectively. In all Resolution models, we initialize with
s = 1 (nominal resolution) to avoid initialization bias. For
baselines without learnable scales, C' is computed from fixed
feature-map sizes as the baseline complexity.

Because the target sizes g are continuous, the aggregate
complexity C is differentiable and can be incorporated directly
into the objective. This makes feature-map resolution an opti-
mizable variable rather than a fixed hyperparameter, enabling
auxiliary losses on complexity while letting the model learn
the allocation from data.

5.1. Matched Budgets: Impact of Transform Choice

We study two instantiations of 7 the discrete Fourier trans-
form (DFT, as in DiffStride) and the discrete cosine transform
(DCT)—to isolate how the basis affects accuracy at compara-
ble complexity. To compare one-to-one, we train with the stan-
dard cross-entropy classification loss, L., and add a quadratic
penalty that pulls the aggregate complexity toward a target:

L= Las+ Cf;“ — p*)z, where C' is the realized aggregate
complexity, Ct, 1s the no-resizing reference (all s=1), and
p* € (0, 1] is the target fraction of Cf,)). Normalizing by Ch,y
expresses the budget in percentage terms, making targets com-
parable across datasets. We set A = 100 to strongly encourage
adherence to p*, so complexities concentrate near the target.
Sweeping p* then yields trade-off curves that reveal where
DCT and DFT diverge as the budget tightens, enabling a direct
comparison without capacity confounds.

Datasets and architectures. We use simple, established
backbones in two distinct domains to isolate transform ef-
fects. For CIFAR-100 (vision), we adopt ResNet-18 and
replace traditional fixed-rate resizing (e.g., strided convolu-
tions, pooling) at their standard stages with Resolution Layers
in the same locations [15}/16]. For RadioML 2018.01A (ra-
dio) [17]], we adapt the 1D CNN from [18]]: seven 1D convolu-



tions (kernel size of 3, 64 channels, same padding), followed
by global mean-and-variance pooling and three linear layers
[128, 128, 24] using ReLU activations and a final softmax
(24 classes). The baseline has no resizing, so we insert a
Resolution Layer after each convolution.

Training. For CIFAR-100, models are trained for 80 epochs
with stochastic gradient descent (SGD) (momentum 0.99) and
batch size 32; the learning rate starts at 0.1 with x0.1 decays
at epochs 20, 40, and 60. For RadioML 2018.01A, we train
for 60 epochs with batch size 128; the learning rate starts at
0.01 with x0.1 decays at epochs 15, 30, and 45.

Results. Figure [3| shows the model performance versus
complexity for DCT and DFT models. We also include
fixed-architecture baselines retaining the original resizing
with complexities computed from the fixed feature-map sizes.
Accuracy on RadioML is expected to be lower as evaluation
spans signal to noise ratios (SNR) from —20 to 30 dB, where
reliable classification at very low SNR is not anticipated.

At baseline complexity (p* = Chase/Crun), Resolution
models exceed the accuracy of the fixed-architecture baselines
on both CIFAR-100 and RadioML. This indicates that allow-
ing the network to learn where and when to allocate resolution
yields better use of a given budget than prescribing a fixed
layout. The DCT and DFT are comparable at higher budgets,
but the difference widens under aggressive compression: near
a 10% budget, DCT attains substantially higher accuracy. Ac-
cordingly, we adopt DCT for the remainder of the experiments.

5.2. Capped Budget: Object Detection

While fixed complexity targets are useful for trade-off curves,
real deployments are usually constrained by a maximum com-
pute or memory budget. To reflect this, we use a hinge loss on
complexity that penalizes only when the budget is exceeded.

For this experiment, we evaluate Resolution Layers on
object detection using a YOLO-style architecture [[2] with a
backbone for feature extraction, a neck for multi-scale fusion
via PANet [19]], and a prediction head. Concretely, we use
YOLOVS8-XS, tuned and provided by KerasCV [20] with a
ResNet-50 backbone [[16] pre-trained on ImageNet [21], and
report mAP at IoU 0.5 on Pascal VOC 2007 [22]].

To isolate the effect of learned resolution and avoid con-
founding from pretraining, we keep the ImageNet backbone
frozen, and enable Resolution Layers only in the PANet (us-
ing the DCT, per Section [5.1I). To remain compatible with
the YOLO head and loss, PANet outputs must have fixed
shapes, so we apply fixed-DCT resizing at the PANet outputs
(frequency-domain zero-padding followed by the inverse
DCT). Inside a Resolution-enabled PANet, two branches
destined for concatenation may learn different resolutions;
given branch shapes (h1,w;) and (ha, w2), we set the target
(hout, Wou) = (max(hy, he), max(wq,ws)) and DCT-resize
both branches to (hoy, Woy) before concatenation.

Capped objective. We cap PANet complexity Cpan (Sum

Table 1. Object detection results on Pascal VOC 2007. *Res-
olution models add two parameters (height- and width-rates)
per Resolution layer. Best values are shown in bold.

Model mAP, 5 1 PANe.t Trainable
complexity | params.

KerasCV baseline  44.7% 11,500 1.28M
DiffStride Unable to upsample
Resolution (ours) 1.28M*

A=0 47.1% 9,260

A =0.001 46.9% 8,665

A=10.01 47.0% 7,929

over PANet only) at the baseline budget Cp,e = 11,500
by optimizing £ = Lyoro + /\hinge HlaX(O7 ChaN — Cbase)’
where LyoLo is the standard YOLOVS loss (box, objectness,
class) [2L[20]. We sweep Apinge € {0, 1073,1072} to probe
the accuracy—complexity trade-off under a common cap; note
that Apinee=0 removes the penalty entirely, allowing the model
to freely explore PANet resolutions without any complexity
constraint.

Training. We train all models for 80 epochs with the backbone
frozen, using SGD and a piecewise learning rate from 1 x 10~3
downto 1 x 1075,

Results. At baseline-matched complexity, Resolution-
enhanced PANets improve mAP over the tuned baseline,
echoing the matched-budget experiments: when resolution
is learned rather than prescribed, the network uses the com-
plexity budget more effectively. Furthermore, Resolution
models achieve higher mAP at lower total PANet complexity
(up to +4.5% mAP with 19.5-31.0% less complexity than
YOLOVS-XS; Table . Notably, with no penalty (Apinge=0),
the model attains 47.1% mAP at complexity 9,260, sur-
passing the tuned baseline (44.7% mAP at 11,500); this
suggests conventional fixed designs may carry excess res-
olution, and that making resolution learnable can discover
leaner, higher-accuracy configurations without exhaustive
hyperparameter sweeps. These gains persist across the hinge
weights tested Apinge, indicating that the effect is not tied to a
single regularization value.

6. CONCLUSION

We introduce Resolution Layers, a simple, transform-agnostic
mechanism that makes feature map resolution learnable, sup-
porting both downsampling and upsampling in a fully differen-
tiable way. Across image, radio, and object detection domains,
learned allocation outperforms fixed layouts at comparable
complexity, underscoring the value of letting networks decide
where and when to spend resolution. Further, results show
treating resolution as a first-class, differentiable variable yields
better higher accuracy even while reducing overall complexity.
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