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Abstract

Deep neural network (DNN) accelerators often execute layers one
at a time, which can require intermediate activations to be written
to off-chip memory and fetched again by the next layer. Cross-layer
execution can avoid part of this traffic by keeping intermediate
activations on chip. Its benefit, however, depends on how many
layers are processed together and how the feature maps are spa-
tially partitioned. With sparse activations, regions with the same
shape can contain different numbers of nonzeros, which changes
their storage cost and the cost of overlapping receptive regions. We
propose STILE, Sparsity-aware Tiled Inter-Layer Execution, which
jointly explores the cross-layer depth L and spatial partitioning
factor P using region-level activation sparsity. For each (L, P) con-
figuration, we derive the required regions across consecutive layers
and estimate peak activation storage, off-chip activation traffic, and
overlap using the actual nonzero counts of these regions. We evalu-
ate STILE using sparse activations from VGG-16 and AlexNet. The
results show that sparsity changes both configuration feasibility and
the selected (L, P) parameters. Across VGG-16 group-budget pairs,
dense geometry-only selection, which ignores activation sparsity,
and sparsity-aware selection choose different (L, P) configurations
in 48.6% of cases. For VGG-16 with a 64-KiB activation-SRAM bud-
get, sparsity-aware selection over the full candidate space reduces
activation traffic by 57.0% compared with geometry-only selection
and by 90.7% compared with layer-by-layer execution.
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1 Introduction

Deep neural network (DNN) accelerators commonly execute lay-
ers sequentially, which can require intermediate activations to be
written to off-chip memory and fetched again by subsequent layers.
These transfers increase off-chip traffic when intermediate activa-
tions cannot remain on chip. Prior work has explored execution
strategies at different granularities to improve data locality, from
intra-layer dataflows to cross-layer execution that retains interme-
diate data across layer boundaries.

Prior work reduces data movement at several execution gran-
ularities, as summarized in Table 1. Intra-layer dataflows such as
Eyeriss [4] and SCNN [10] improve reuse within a layer, with SCNN
also exploiting sparse weights and activations. Fused-layer ap-
proaches [1, 5] extend reuse across layer boundaries by retaining in-
termediate data and exploring tiling, retention, and recomputation
trade-offs. Other approaches pipeline spatial tiles across accelera-
tors [12] or perform operator- and compiler-level fusion [8, 9]. More
recent work such as FFM [3] enables efficient optimal search over
a comprehensive fused mapping space. LoopTree [5] and related

frameworks [2] provide systematic mechanisms for representing
and exploring fused-layer mappings. Our work is complementary
to these efforts by incorporating measured region-level activation
sparsity into the analysis of storage, traffic, overlap, and configura-
tion feasibility in tiled cross-layer execution.

Cross-layer tiled execution introduces a trade-off between fusion
depth, on-chip storage, and overlap among the receptive regions of
neighboring output tiles. Processing more consecutive layers can
eliminate additional intermediate transfers, but also enlarges the
receptive regions that must be kept on chip. Finer spatial partition-
ing reduces the per-tile working set, but increases overlap among
neighboring regions and can lead to repeated input accesses. Under
sparse execution, geometry alone does not fully capture this cost.
Two regions with the same shape can contain different numbers of
nonzeros and therefore require different amounts of storage. The
distribution of these nonzeros can also affect the peak occupancy
of individual tiles. As a result, sparsity can change both which con-
figurations are feasible and which (L, P) configuration is selected
under a given SRAM budget.

To explore this design space, we propose Sparsity-aware Tiled
Inter-Layer Execution (STILE), which partitions the output of a group
of consecutive layers into spatial tiles. For each output tile, it de-
rives the required regions in the preceding layers and propagates
only the dependent computation through the group, while keeping
intermediate activations on chip. STILE parameterizes execution
using the cross-layer depth L, which sets the number of consecutive
layers, and the spatial partitioning factor P, which determines the
output-tile granularity. For each (L, P) configuration, it estimates
peak activation storage, off-chip activation traffic, and overlap over-
head using the actual nonzero counts of the propagated regions.

We evaluate STILE using sparse activations from VGG-16 and
AlexNet and validate the dense geometric accounting against fixed
fused-layer mappings expressed in the LoopTree/AccelForge flow.
At a 64-KiB activation-SRAM budget, sparsity-aware selection over
the full candidate space reduces VGG-16 activation traffic by 57.0%
compared with geometry-only selection and by 90.7% compared
with layer-by-layer execution. available SRAM capacity.

In summary, this work makes the following contributions:

e We introduce STILE, a cross-layer tiled execution framework
that jointly considers fusion depth and spatial partitioning
under activation sparsity.

e We develop an analytical model that derives the required
regions across consecutive layers and estimates peak activa-
tion storage, off-chip traffic, and overlap using region-level
nonzero counts.

e We evaluate how SRAM capacity and activation sparsity
affect cross-layer configuration selection, and how region-
level nonzero distribution affects configuration feasibility.
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Table 1: Comparison with representative dataflow, cross-layer, and fusion approaches.

Category Work Granularity Cross-Layer Depth  Spatial/Tiling Region Sparse  Note

Eyeriss [4] Single layer No Intra-layer mapping No  Optimizes reuse and movement within each layer.
Intra-layer dataflow . . N . B 1

SCNN [10] Sparse convolution No Intra-layer sparse mapping Yes Exploits sparse weights and activations within a layer.

. Fused-Layer [1] ~ Adjacent Conv layers Layer groups Computation pyramid No Trades DRAM traffic against storage/recomputation.

Fused-layer execution 8 K i~ . e . .

LoopTree [5] Fused-layer mappings Yes Explicit tensor tiling No Jointly models tiling, retention, recomputation, and buffer/traffic costs.
Tile-grained pipeline TGPA [12] Tiles across accelerators Pipeline partition _ Pipeline tile No  Optimizes mapping, latency, and utilization.

. DNNFusion [9]  Operators / loops Graph-level No explicit spatial tile No Selects operators and loops for fused kernels.

Operator/compiler fusion N B . L - . . .

FuseFlow [8] Sparse expressions Expression-level No explicit spatial tile Yes Balances sparse movement against computation/recomputation.
This work STILE Sparse spatial regions x layers Explicit L Explicit P Yes  Models actual region-level NNZ distribution in storage, traffic, and overlap costs.

2 Sparsity-Aware Tiled Inter-Layer Execution

Figure 1 shows the execution model of Sparsity-aware Tiled Inter-
Layer Execution (STILE). For a group of consecutive layers, STILE
partitions the group output into P x P spatial tiles. For each out-
put tile, it derives the required regions in the preceding layers and
executes only the computation needed to produce that tile. Interme-
diate activations remain on chip while the tile is propagated through
the selected L layers. We assume that output tiles are processed
independently. Data shared by the receptive regions of different
tiles is not retained across tile executions. As a result, overlapping
regions may be processed more than once and overlapping portions
of the group input may be fetched more than once from off-chip
memory. We denote the first and last layers of a candidate group by
gand e = g+ L — 1, respectively. A; is the output activation of layer
i, 50 Ag_1 is the group input and A, is its output. For an output tile
t, R;; denotes the spatial region of A; required to produce that tile.

2.1 Cross-Layer Region Construction

The group output A, € RCe*HeXWe is partitioned along its spatial

dimensions into P X P non-overlapping tiles, while all channels are
retained. We index a tile by t = (ty, t,,), where tp, t,, € {0,...,P—1},
and define its boundaries as

H, 1)H,
A

P P

S VWWEJ . {(tw+l)WeJ )
= , W —_—.

TP ‘" P

Thus, R.; = [h], h¢) X [w}, wf). This partitioning also supports
feature-map dimensions that are not divisible by P.

Starting from R, ;, we propagate its spatial dependency backward
through the selected layers. Consider layer i, which maps A;_; to
A;. For a spatial dimension g € {h, w}, let [xis’q, xf’q) be the required
interval in A;. For kernel size k?, stride s?, padding p?, and dilation
d?, the required interval in A;_; is

= max(0, x5~ pf)

(P =1)s? = pl +dl (k! - 1) +1),

x1
ot _ (o @
x4 = mln(Di_l,

where D | is the size of the corresponding spatial dimension of
A;_1. The clipping at the tensor boundaries excludes padded values
outside the valid activation region. Applying Eq. 2 to both spatial
dimensions and repeating it from layer e to g gives the regions
required for tile t, Rey — -+ — Ry_1.

For an interior region, where the boundary clipping in Eq. 2 is
inactive, let Tiq = xf‘q - xis’q denote its size in one spatial dimension.
The required input-region size is

T, = (17 - s+ df (] - 1)+ 1, ®

As the dependency is propagated through more layers, the re-
quired region grows. Thus, increasing L can reduce intermediate
activation traffic while increasing the per-tile working set.

2.2 Sparsity-Aware Cost Analysis

Under sparse execution, a region’s cost depends on the number of
nonzero activations it contains, not only on its geometric size. We
therefore use the actual nonzero population of each propagated
region in the storage, traffic, and overlap calculations. Our analy-
sis focuses on activation sparsity; weight storage can be modeled
separately. For activation A; and region R; ;, we define

Ni: =NNZ(A;[R;.]) . 4

NNZ(-) returns the number of nonzero elements. If by is the
number of bytes per nonzero activation, the storage required by
this region is

B, = baN;; + M, (5)

where M{';eta is the metadata cost of the sparse representation.
For example, a bitmap-based sparse representation requires one oc-
cupancy bit per dense activation element, in addition to the stored
nonzero values. For a region containing (D;,) elements, its meta-
data cost is (Mi’“}eta = Di, t/8) bytes under bit-level accounting.
Including this cost increases both activation storage and off-chip
traffic and may change the feasible configurations. We assume zero
metadata cost to isolate the effect of activation sparsity and repre-
sent an ideal sparse-storage bound. For the complete activation A;,
we similarly use B2 = by NNZ(A;) + M™"_ The same representa-
tion is assumed for the layer-by-layer baseline and STILE.

2.2.1 Spatial-Overlap Overhead. Although the P? output tiles are
non-overlapping, their receptive regions in preceding layers may
overlap. Under independent tile execution, the same activation
can therefore be processed by multiple tiles. We define the sparse
overlap amplification as the ratio between the total number of
nonzero elements processed across all tile regions and the number
of unique nonzero elements covered by those regions:

PZ
D NNZ(A;[Ry,])

=1
Amp(P) = . (©)
NNZ| A; UR,-,,
t=1

The numerator counts all nonzero elements processed across the
tiles, including repeated elements in overlapping regions. The de-
nominator counts the distinct nonzero activation elements covered
by these regions. Thus, an amplification of one indicates no re-
dundant sparse processing, while larger values indicate increasing
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(a) Conventional Layer-by-Layer Execution

(b) Sparsity-aware Tiled Inter-Layer Execution (STILE)

(c) Design Trade-off under Sparsity

Figure 1: Overview of STILE. (a) Layer-by-layer execution materializes intermediate activations. (b) Tiled cross-layer execution
for one output tile. (c) L and P trade off data movement, storage, and overlap.

overlap. For comparison, ignoring activation values and consid-
ering only region geometry, we define the corresponding dense
geometric amplification as

PZ
Z IR

Amp{™*(P) = —~ ™
U Rz t

Here, |R;;| = |R [IR; | is the number of spatial positions in a
region. Since all channels share the same spatial region, the channel
dimension appears in both the numerator and denominator and
cancels in this ratio.

2.2.2  Peak On-Chip Working Set. For each tile, execution proceeds
sequentially through the selected layers. Once the output region
of a layer is produced, its input region can be released. Therefore,
the peak activation working set is determined by the largest pair of
simultaneously live input and output regions:

A _ A A
M} (9: L, P) = te{fff‘jiﬂ} (Bi—l,t + Bi,t) . ®
i€{g,...e}

This value determines whether a configuration fits within the
available activation SRAM. If weight storage is included, its buffer
requirement can be added separately to the activation working set.

2.2.3  Off-Chip Activation Traffic. We compare STILE with layer-
by-layer execution, where each intermediate activation between
layers g and e is written to off-chip memory and fetched again by
the next layer. The corresponding activation traffic is

e—1
Touse(9,L) = By + BY +2 )" B\ ©
i=g
In STILE, intermediate activations remain on chip within the
selected group. Off-chip traffic therefore consists of the required
group-input regions and the final output tiles:

P2 p?

Tstiie(g, L, P) = Z B, + Z By, (10)
t=1 t=1

The final output tiles are non-overlapping, while the group-
input regions may overlap and therefore be fetched more than
once. Repeated processing of overlapping intermediate regions is
captured separately by the overlap-amplification metric. We report
the traffic reduction as

TstrLe(9, L, P)

Gr(g9,L,P) =1—- 11
T(g ) Tbase (9, L) ( )
2.3 Configuration Exploration
For a candidate group starting at layer g, a configuration is
=(g,L, P), e=g+L-1. (12)

For each starting layer, we explore candidate depths L € £, and
partitioning factors P € $;. A configuration is feasible if its peak
activation working set fits within the available SRAM:

(13)

{(L Pye LyxP, eak(g,L p)< MSRAM}

Among feasible configurations, we select the one with the low-
est off-chip activation traffic. Sparse overlap amplification is re-
ported separately to quantify redundant processing due to spatial
tiling. At the network level, we use dynamic programming to parti-
tion the supported layer chain into consecutive, non-overlapping
groups. For each layer prefix, the algorithm considers all feasible
final groups and selects the configuration (L, P) that minimizes
the cumulative predicted activation traffic under the SRAM budget.
Thus, fusion depth and spatial partitioning can vary across groups.

3 Evaluation

3.1 Experimental Setup

We evaluate STILE on VGG-16 [11] and AlexNet [7] using post-
ReLU activations collected from 64 Imagenette [6] validation im-
ages at 224 X 224 resolution. The models use ImageNet-pretrained
weights. We retain the original tensor shapes, layer parameters,
and nonzero locations of the measured activations. The evaluated
layer chains cover the feature-extraction stages of both networks:
13 convolutional and five max-pooling layers for VGG-16, and five
convolutional and three max-pooling layers for AlexNet. Fully con-
nected classification layers are excluded. Activation sparsity is
measured after ReLU for convolutional layers and at the outputs of
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pooling layers. We use 8-bit activation values and report activation-
SRAM capacity. We assume that the weights required by each fused
group are available in a separate, sufficiently large weight buffer and
reused across spatial tiles. Weight-buffer capacity and weight reload
traffic are not included in the reported activation costs. Therefore,
our results characterize activation-data movement rather than total
memory traffic or end-to-end execution performance.

Design space. For each starting layer, we explore all valid fusion
depths up to the end of the supported layer chain, with Ly, = 18
for VGG-16 and Ly,,x = 8 for AlexNet. We use P € {1,2,4, 8,16} for
VGG-16 and P € {1, 2, 4, 8} for AlexNet, excluding invalid partitions.
All network-level schemes use the same candidate space.

Baselines and model variants. We compare STILE with con-
ventional layer-by-layer execution (LBL) and the exhaustive best
fixed (L, P) configuration. We also consider GEOM, which uses
dense geometric region sizes, UNIF, which accounts for each layer’s
measured sparsity but assumes it is spatially uniform, and EXACT,
which uses the measured NNZ count of each propagated region.
For each model variant, the network-level plan minimizes its pre-
dicted traffic subject to its peak-SRAM estimate. Selected plans are
then evaluated using the measured sparse activations, with feasi-
bility checked against the worst-image peak. Mapping selection
is performed offline using the 64 profiled images, and the selected
mapping is fixed across inputs rather than optimized separately for
each image. In practice, conservative SRAM margins or a fallback to
a less memory-intensive configuration could accommodate inputs
exceeding the profiled peak.

Metrics. We report off-chip activation traffic, traffic reduction,
and peak activation working set. Overlap amplification is used to
characterize the cost of spatial tiling.

3.2 Model Validation

We validate the region-construction equations by independently
enumerating the input elements required by each output tile. Across
48,100 region checks on VGG-16 and AlexNet chains, we observe
no mismatches with the analytical regions. For dense geometric val-
idation, we evaluate fixed fused-layer mappings using LoopTree [5]
mapping syntax through AccelForge [2]. For representative con-
figurations with P > 2, the unclipped formulation exactly matches
AccelForge in input traffic, output writes, and peak activation stor-
age. This agreement confirms that the dense geometric accounting
of our model is consistent with the LoopTree/AccelForge evalua-
tion flow for these mappings. In our analytical model, regions are
clipped at tensor boundaries, so padded values outside the tensor
are generated locally and are not stored or transferred.

3.3 Results

Joint depth-granularity trade-off. Figure 2 shows the interaction
between fusion depth and spatial partitioning for the VGG-16 group
starting at conv3_1. Increasing P reduces the peak activation work-
ing set and can make deeper groups feasible, but finer partitioning
also increases overlap between neighboring receptive regions. At
a 64-KiB activation-SRAM budget, (L, P) = (4,4) requires about
60 KiB and reduces activation traffic by 72.9%. Increasing the fusion
depth to L = 5 requires a finer partition, P = 8, to fit within the
same budget, but the traffic reduction drops to 34.8%. This example
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Figure 3: VGG-16 activation traffic over the full fusion-depth
search space, normalized to LBL. Lower is better.

shows that deeper fusion is not always beneficial when the required
spatial partitioning becomes too fine. Sparsity can also change the
selected configuration itself. For conv3_1 at 64 KiB, GEOM selects
(L, P) = (1, 8), whereas EXACT selects (4, 4). Dense geometry esti-
mates the latter to require about 145 KiB, while its measured sparse
peak is only 60.1 KiB, making the deeper configuration feasible.

Comparison with alternative execution schemes. Figure 3
compares network-level activation traffic for VGG-16 over the full
candidate space. At a 64-KiB SRAM budget, EXACT reduces traf-
fic by 90.7% relative to LBL execution and by 57.0% relative to
geometry-only selection. No single fixed (L, P) configuration is
feasible for the entire network at or below 256 KiB. When a fixed
configuration becomes feasible, EXACT reduces traffic relative to
the best fixed (L, P) configuration by 49.2% at 512 KiB and 47.7%
at 1 MiB. At 4 MiB, the best fixed and EXACT both select whole-
network fusion and have the same traffic. UNIF selects the same
plan as EXACT at seven of the eight SRAM budgets. At 32 KiB,
however, UNIF underestimates the worst-image peak and selects
a plan that requires 35.7 KiB when evaluated with the measured
region-level NNZ. Thus, layer-level density captures most of the
traffic effect, but region-level sparsity is needed for accurate SRAM
feasibility. For AlexNet, EXACT reaches whole-network fusion
(L, P) = (8,1) at 256 KiB, reducing traffic by 70.6% relative to LBL
execution and by 36.9% relative to GEOM at that budget. In contrast,
GEOM requires a 512-KiB SRAM budget before selecting the same
whole-network configuration, (L, P) = (8,1). The effect of sparsity
is not limited to changing the estimated costs; it also changes the
selected configurations: GEOM and EXACT select different (L, P)
configurations in 70 of 144 VGG-16 group-budget cases.

Effect of fusion depth. Figure 4 shows how network traffic
changes as larger fusion depths are allowed. The useful depth de-
pends strongly on the SRAM budget. For VGG-16 with 64 KiB of
activation SRAM, increasing Lyax from 3 to 6 reduces activation
traffic from 2.562 MiB to 1.230 MiB. This corresponds to a 90.7%
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imum allowed fusion depth L, for different activation-
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reduction relative to LBL. The benefit of deeper fusion does not
continue at the same rate for all memory budgets. At 32 KiB, traffic
saturates around Ly,,x = 4, while larger SRAM capacities continue
to benefit from deeper groups. This shows that fusion depth should
be selected together with the available on-chip capacity rather than
fixed in advance.

4 Conclusion

We present STILE, a sparsity-aware approach for jointly selecting
cross-layer depth and spatial granularity in tiled DNN execution.
For VGG-16 with 64 KiB of activation SRAM, sparsity-aware selec-
tion over the full candidate space reduces activation traffic by 57.0%
over geometry-only selection and by 90.7% over layer-by-layer exe-
cution. The results also show that the useful fusion depth changes
with SRAM capacity, supporting region-level sparsity as part of
cross-layer mapping decisions.
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