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Abstract—The growing scale of deep neural networks has
surpassed the capacity of single-chip accelerators, particularly pin
cost-sensitive edge devices. Multi-Chip-Module (MCM) architec-
tures enable scalability but rely on bandwidth-limited chip-to-chip
(C20) interfaces, causing substantial inter-chip communication
overhead. Among model-parallel strategies, tensor parallelism
(TP) offers high concurrency at the cost of communication
overhead, while pipeline parallelism (PP) reduces it at the cost
of lower compute utilization inherent to pipeline execution. This
work presents Stitch, a two-phase rebalancing framework for
hybrid model-parallel mapping in low-cost MCM-based CNN
accelerators. Phase I mitigates TP’s C2C-induced communication
overhead by jointly optimizing partitioning and datapath through
a layer-wise C2C-DRAM selection solved via dynamic program-
ming. Since TP alone cannot fully minimize communication,
Phase II extends the design space by combining TP and PP at
the package level. Guided by simulated annealing, Stitch selects
layer groups, tunes pipeline stages, and balances communication—
utilization trade-offs. Evaluation on a cycle-accurate simulator
shows that Stitch reduces the energy-delay product by up to
42.8% compared to prior TP-based methods, demonstrating its
effectiveness under practical C2C bandwidth constraints.

I. INTRODUCTION

The rapid growth of deep neural networks (DNNs) has in-
creased computational and memory requirements beyond what
conventional single-chip System-on-Chip (SoC) accelerators
can efficiently support, especially in cost-sensitive edge devices.
Scaling single-chip solutions to advanced process nodes faces
challenges such as reduced yield, higher manufacturing cost,
and power inefficiency, which limit their practicality. Multi-
Chip-Module (MCM) architectures, which integrate multiple
smaller dies into a single package, have therefore emerged as a
cost-effective alternative for scalability [1]-[3]. However, when
these systems rely on low-cost chip-to-chip (C2C) interfaces,
both limited bandwidth and the relatively high per-bit energy
of inter-chip transfers can become major bottlenecks [4]. Ad-
dressing this constraint is essential for practical MCM-based
DNN accelerators in edge environments.

Extensive research efforts have been made to improve work-
load partitioning and mapping in MCM-based accelerators.
Model parallelism, in the form of tensor parallelism (TP),
distributes intra-layer computations across chiplets to maximize
concurrency [5]-[8]. In addition, hierarchical strategies that
combine TP at the chiplet level with pipeline parallelism (PP)
at the package level have been explored in large-scale server
systems, primarily aiming to increase inference throughput [9].
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These works demonstrated the potential of model-parallel map-
pings to scale performance well beyond the single-chip limit.

Despite extensive research on MCM-based accelerators, prior
studies have largely focused on TP as the primary mapping
strategy [5]-[8]. TP distributes intra-layer computations across
chiplets to maximize concurrency, but it inherently incurs
substantial communication overhead because multiple chiplets
must access the same input data in parallel, which increases
the total off-chip volume due to redundancy. Existing works
typically assume that this data sharing is performed only
through C2C links [5]-[8], without considering shared off-chip
DRAM as an alternative datapath with distinct energy—latency
characteristics. In bandwidth-constrained MCMs, such an as-
sumption magnifies the cost of redundant transfers, leading to
significant inefficiency in TP-centric mappings. This highlights
the need to also consider DRAM as a complementary datapath
in order to better balance bandwidth and energy trade-offs.

For hybrid approaches combining TP and PP, prior studies
primarily target server-grade systems in which each chiplet
integrates many cores [9]. Under such conditions, most com-
munication can be naturally confined within chiplets via TP,
while PP across chiplets is used to limit inter-die traffic and
improve throughput, often supported by multi-batch inference
to exploit data parallelism [10]. This separation is effective in
server environments. In contrast, low-cost edge MCMs target
latency-sensitive single-batch inference using small chiplets
connected by bandwidth- and energy-constrained C2C links,
where chiplet-level TP provides limited benefit. As a result,
flexibly applying TP and PP at the package level becomes
essential to balance utilization and communication overhead
under strict system constraints.

To address this gap, we introduce Stifch, a communication-
aware mapping framework that reduces communication over-
head and improves energy—delay efficiency for single-batch
inference on low-cost MCM accelerators. The contributions are
summarized as follows:

o Communication-Aware TP Rebalancing: A dynamic
programming—based method that determines per-layer TP
partitioning and datapath selection (C2C vs. DRAM),
providing optimal configurations under the cost model.

o Hybrid TP/PP Rebalancing: A simulated annealing—
based exploration of hybrid mapping at the package level,
adaptively applying TP or PP per layer while tuning
pipeline stage granularity to balance utilization and com-
munication overhead.
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« System-Level Evaluation: A cycle-accurate simulator of
a low-cost MCM accelerator demonstrates that Stitch
reduces energy—delay product (EDP) by up to 42.8%
compared to prior TP-based mappings, validating its ef-
fectiveness for bandwidth-limited edge environments.

II. BACKGROUND
A. DNN Workload Mapping for MCM-based Accelerators

Efficient partitioning and mapping of DNN workloads are
essential for achieving high performance in MCM-based ac-
celerators. In this context, the computation workload—often
described as a multi-dimensional index space J (e.g., nested
loops in a CNN layer [11])—must be partitioned and mapped
across available processors (chiplets) and time steps.

Formally, the mapping problem can be represented as T =
[4], an affine transform where II : J — Z maps operations to
time, and S : J — {0,..., M — 1} maps operations to chiplets;
T must be injective and respect data dependencies [12], [13].
In single-chip accelerators, communication between cores is
handled through on-chip interconnects. In contrast, MCM-
based accelerators rely on C2C interconnects and a shared off-
chip DRAM via the 10 die, as depicted in Fig. 1. These off-chip
transfers introduce significant data movement overhead, making
communication-aware mapping crucial. Thus, the partitioning
process involves (i) dividing the overall index space J into
subsets { Py, Pa, ..., Pa}, each assigned to a chiplet, and (ii)
determining a space-time mapping T'(P;) for each partition that
minimizes a target cost such as Energy(T) x Delay(T).

Parallelism in DNNs is commonly categorized into data
parallelism [10] and model parallelism [14]. Data parallelism
replicates the model across devices and distributes training or
inference samples, but its benefits are limited in single-batch
inference, which is the target scenario in low-cost MCMs. In
such cases, model parallelism—distributing computations of the
same input across devices—is more appropriate. Within model
parallelism, two representative strategies highlight different
dimensions of partitioning. TP emphasizes spatial decomposi-
tion, dividing intra-layer operations across multiple processors
to maximize concurrency. PP emphasizes temporal decom-
position, assigning different layers (or groups of layers) to
different processors and executing them in sequence. These two
represent the spatial and temporal extremes of model-parallel
mapping. In practice, most mapping schemes fall somewhere
between these extremes, combining aspects of TP and PP,
which motivates the need for frameworks that can flexibly
explore this space in the MCM context.

B. Related Works

TP has been the dominant approach for scaling DNNs,
where intra-layer operations are distributed across multiple
devices [10], [15]-[19]. While TP improves throughput, it
inherently incurs substantial inter-chip communication.

Recent MCM-based accelerators extended TP concepts
to chiplet architectures [5]-[8]. Simba [S] and Zimmer et
al. [6] adopt weight-centric mapping, generating heavy C2C
traffic from partial-sum exchanges. NN-Baton [7] localizes
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Fig. 1. A low-cost MCM-based DNN accelerator employing a half-duplex ring
C2C interconnect [4].
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partial-sum accumulation with output-centric partitioning, and
INDM [8] further considers inter-layer transitions. However,
these works assume high-speed interconnects and omit C2C—
DRAM trade-offs critical in bandwidth-limited systems.

PP localizes each layer to a single chip, avoiding intra-
layer exchanges but suffering from fill-drain latency and poor
utilization. In multi-batch inference or training, micro-batching
can improve utilization by overlapping different batches across
pipeline stages [20]-[23]. However, in latency-sensitive single-
batch inference, such overlap is impractical, leaving pipeline
bubbles. To mitigate this, Stream [24] proposed fine-grained
partitions such as single-row splits, which increase utilization
by activating more stages concurrently. However, finer splits
also create more inter-chip boundaries, and each boundary
requires halo exchanges of feature maps, which can increase
communication overhead under bandwidth limits.

Hybrid schemes combining TP and PP have also been
explored. Tangram [25] integrates tile-level PP with intra-
group TP, while Alpa [26] and [27] extend hierarchical model
parallelism to GPUs. Gemini [9] applies package-level PP with
chiplet-level TP for MCMs. These methods tend to adopt TP/PP
hierarchies shaped by large-scale targets, without adaptive
TP/PP selection or datapath rebalancing, which may reduce ef-
fectiveness under low-cost, bandwidth-constrained conditions.

These limitations highlight the need for a framework tailored
to low-cost MCM accelerators that jointly optimizes TP/PP
mapping and off-chip datapath selection.

ITII. SYSTEM MODELING
A. Parallelism Strategies in MCM

Although parallelism can be formulated more generally in the
time—space domain, practical MCM accelerators are most often
described by two representative extremes—TP and PP. These two
strategies are emphasized here as they capture the key trade-off
between utilization and communication overhead, the central
challenge in bandwidth-constrained MCMs.

In TP, computations within a single layer are partitioned
across multiple chips to maximize concurrency. Package-level
partitioning determines how the workload is divided, while
chiplet-level mapping optimizes the local dataflow. Fig. 2(a)
illustrates the loop structure of a convolution layer under
this decomposition. Two common partitioning strategies are
planar partitioning (Fig. 2(b)), which requires weight sharing
(WS) across chips, and channel partitioning (Fig. 2(c)), which
requires feature-map sharing (FS). These redundant transfers
(WS or FS) are the primary source of inter-chip communication
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Fig. 2. Package-level tensor parallelism: based on planar and channel parti-
tioning.
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Fig. 3. Package-level pipeline parallelism: based on planar partitioning across
four pipeline stages in a four-chip configuration, where each layer (LO-L6) is
split into four partitions, denoted as LO(0)-LO(3), ..., L6(0)-L6(3).
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Fig. 4. EDP comparison between TP with planar partitioning and PP with
varying OFM split sizes for ResNet-50 (Layers 5-10), evaluated on a target
C2C bandwidth-constrained 4-chip MCM-based system configured in Table II
and Table III.

overhead in TP, as formally quantified in Section III-B. To
avoid even higher costs, input-channel partitioning (i.e., weight-
centric mapping) [5], [6] is excluded in this work, and TP is
restricted to output-centric partitioning only.

In contrast, PP localizes the entire computation of each layer
to a single chip, eliminating redundant intra-layer data sharing
and reducing inter-chip communication to unicast transfers at
pipeline boundaries. However, it suffers from fill-drain latency
and load imbalance, which are particularly severe under single-
batch inference since inter-layer dependencies force each layer
to complete before the next can start, leaving other chips idle.
Channel partitioning in PP is especially problematic for this
reason: unlike planar partitioning, which can divide a layer
into row splits to form pipeline stages, channel partitioning
cannot overlap execution across layers and therefore fails to
improve utilization. For these reasons, our framework restricts

TABLE I
INTER-CHIP COMMUNICATION PATTERNS IN MCM MAPPING

Partition switch Intra-layer (WS)

AG: (1—1/M)|W;|

Inter-layer (FS)

Planar — Planar Unicast (halo):

Ti41 WOI N CO'L N bn,

AG: (1—-1/M) - |[FM;]|
Scatter: (M —1)/M?) - |FM,|

AG: (1—1/M) - |FM,]|

AG: (1—1/M)|W;|

Channel — Planar -

Planar — Channel

Channel — Channel -

All communication volumes are expressed as per-chip amounts.

|W1| = CO,, . CI,, -K-K- bw; |FM1| = HO,L WO,, . 001 . ba; Ti41:
effective halo rows (= halo rows X #adjacent partitions; 1 for edge, 2 for internal);
WO;: output width of FM;; COj: output channels; M: #chips; b,: activation bits;
byt weight bits.

PP to planar partitioning. To illustrate, Fig. 3 shows a case
where the output feature-map (OFM) is divided into four row
partitions across four chips. Here, Chip0 processes the first-
stage chunks LO0(0) and L1(0), then forwards the resulting
activations (including halo regions) to Chipl, which continues
with L2(0) and L3(0) for the same partition index, and so on.
In this way, each partition index flows through a sequence of
chips as a pipeline stage.

However, the efficiency of PP strongly depends on the chosen
partition granularity. Prior work such as [24], originally target-
ing single-chip multi-core systems, tried to mitigate utilization
loss by enforcing extremely fine partitions (e.g., single-row).
While finer splits activate more pipeline stages concurrently and
reduce idle bubbles, they also increase the number of inter-chip
boundaries, each of which requires halo exchanges. As shown
in Fig. 4, this trade-off means that partition granularity must
be carefully tuned in MCM accelerators to achieve a balance
between higher utilization and rising communication overhead.

B. Communication Cost Model

Following prior studies [8], [15], [26], we model inter-chip
communication to capture the overhead of different parallelism
strategies. Table I summarizes three primitives: All-gather (AG),
where each chip holds only a 1/M fraction of a tensor and
must gather the remaining parts (weights or feature maps)
from peers; Unicast, a one-to-one halo exchange in planar
partitioning where boundary rows are fetched from neighbors;
and Scatter, which arises when the partitioning method changes
(e.g., Channel — Planar), requiring each chip’s 1/M share in
a mismatched shape to be redistributed to all others.

For PP, intra-layer redundancy is eliminated since each layer
is localized, but stage-to-stage transfers remain at pipeline
boundaries (Fig. 3), and the resulting overhead depends on the
chosen pipeline granularity. From these primitives, the total
off-chip data volume for each strategy can be expressed as:
TP-Planar incurs M|W;| + |[FM;| + | H;|, TP—Channel yields
|W;|+ M |FM;|, while PP—Planar requires only |W;|+ |FM;|+
|H;|, where | H;| denotes the total halo exchange volume. Thus,
TP inevitably multiplies either weights or feature maps in
proportion to M, whereas PP localizes data and avoids such
redundancy at the cost of inter-stage transfers.

To evaluate partitioning strategies, we model the total off-
chip communication cost, which includes inter-chip sharing
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Fig. 5. Stitch framework: Phase I performs per-layer TP partitioning with
C2C/DRAM datapath selection, while Phase II explores hybrid TP/PP map-
pings and pipeline granularity.

through both C2C and DRAM, as well as partition-dependent
DRAM initial loading and spill/reload under limited L2 capac-
ity (on-chip SRAM used as the last-level buffer). The cost is
expressed as

C = (Ec2c + Epram) x (Le2c + Loram), (1)

where V' denotes the transfer volume and B the available
bandwidth of a datapath. The latency of a transfer is L = V/B,
and the total energy is E = e -V, with e denoting the per-bit
energy.

Each CNN layer 1 is associated with two mapping decisions:
the partitioning method p; € {Planar, Channel} and the off-chip
access path ap; € {C2C,DRAM}. Given these decisions, the
communication cost for layer 7 is decomposed into intra-layer
and inter-layer terms:

e Cinwa(pi, ap;): intra-layer cost of layer 4, determined solely
by its own partitioning and access path. It includes all
off-chip transfers intrinsic to the layer, such as redundant
weight sharing (Table I, WS), first-layer input distribution,
and additional DRAM traffic from L2 spill.

e Ciner(pi-1,pi,api—1,ap;): inter-layer transition cost, de-
termined by partition switching between consecutive lay-
ers. It corresponds to feature-map sharing (Table I, FS)
operations such as halo exchanges, all-gather, or scatter
when outputs must be redistributed across chips.

IV. PARTITIONING AND MAPPING FRAMEWORK
A. Stitch Overview

Fig. 5 illustrates Stitch, a two-phase framework for partition-
ing and mapping CNN workloads on MCM accelerators un-
der bandwidth-constrained C2C links. The framework reduces
communication overhead by rebalancing data movement across
C2C and DRAM, and by flexibly combining TP and PP.

Phase I (TP Rebalancing). Dynamic programming (DP)
selects per-layer TP partitioning together with the off-chip
datapath (C2C or DRAM).

Phase II (Hybrid TP/PP Rebalancing). Building on the
TP configuration, simulated annealing (SA) explores hybrid
mappings by choosing TP or PP per layer, grouping layers into
PP stages, and tuning pipeline granularity.
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Fig. 6. Redundant weight sharing under planar TP partitioning (two chips, two
weight blocks). (a) C2C rotating: Each chip fetches one weight block from
DRAM and forwards it to the peer over C2C. (b) DRAM full-fetch: Each chip
fetches both weight blocks from DRAM.

Both phases rely on a unified communication cost model and
cycle-accurate simulation to ensure mapping decisions respect
bandwidth and latency constraints.

B. TP Partitioning and Datapath Rebalancing

In Phase I, Stitch rebalances data sharing between C2C and
DRAM datapaths while selecting per-layer TP partitioning.
Unlike prior TP-based mapping methods that assume C2C as
the only path, Stitch explicitly evaluates both C2C and DRAM,
enabling more efficient trade-offs under bandwidth constraints.

As illustrated in Fig. 1, data sharing between chiplets can
occur through directly connected C2C interfaces or via shared
DRAM. For example, when the OFM is partitioned along the
height dimension and distributed across two chips, redundant
weights must be available to both. In the case of two chips
and two weight blocks (Fig. 6), the C2C rotating scheme
requires each chip to fetch one block from DRAM (W per chip)
and forward it to its peer over C2C (W per chip), while the
DRAM full-fetch scheme requires each chip to fetch both blocks
directly from DRAM (2W per chip) without any C2C transfers.
Using the energy and bandwidth parameters in Tables II-III
(epraM=8.75 pl/bit, ecoc=0.83 pl/bit, Bpram=37.5 Gb/s,
Bgac=2 Gb/s), the corresponding costs from (1) are

Crot  (ecac - W + epram - W) X ( v+ L),

Bcac Bpram
2W
Cfun X (eDRAM QW) X (BDRAM)'

Under these settings, the full-fetch option achieves an illustra-
tive ~82% lower cost than rotating.

The optimization is formulated as a DP. Because the total
cost decomposes into additive intra-layer and inter-layer terms
that depend only on the current and immediately preceding
layer, the problem satisfies the Markov property. Since com-
putation cost is invariant under TP regardless of partitioning,
only communication cost is considered, and the recurrence is
expressed as

DP{i][plap] = min, [ DPli — 1][p')[a’]
rher @)
+Cintra (P7 ap) + Cimer(p/7 D, aplv ap) .

Here, the state (i, p, ap) is updated from all possible predeces-
sors (i — 1,p’, ap’), and the optimal sequence {p;,ap;} under
the defined cost model is obtained by backtracking from the
final state with minimum cost.



C. Hybrid TP/PP Rebalancing

In Phase II, Stitch rebalances the trade-off between TP and
PP at the package level. While TP offers high utilization at the
cost of redundant communication, PP reduces inter-chip traffic
but suffers from fill-drain overhead and load imbalance. Phase I
provides an optimal TP-only mapping under the defined cost
model, and additional gains can be achieved by incorporating
PP at the package level. To explore this hybrid space, Stitch
employs SA guided by a detailed cost evaluation. SA is pre-
ferred to refine the Phase I initialization via local perturbations
that align with the problem’s sequential structure. Population-
based metaheuristics (e.g., genetic algorithms) require complex
constraint handling to avoid invalid pipeline configurations and,
under such constraints, effectively degenerate to SA-like local
search with additional overhead. We define six neighborhood
operators to restructure TP/PP mappings:

o« OP1 (flip_tp): Toggle the partitioning method of one

TP layer (Planar<>Channel).

e OP2 (convert_tp_to_pp): Convert a run of TP

layers into one PP group with a sampled stage count.

e OP3 (convert_pp_to_tp): Dismantle a PP group

into TP layers, restoring their original partitioning.

e OP4 (modify_pp_stage): Perturb the stage count of

a PP group (e.g., £1) within legal bounds.

e OP5 (extend_pp_group): Absorb one adjacent TP

layer into a PP group and resample its stage allocation.

e OP6 (shrink_pp_group): Remove a terminal PP

layer, revert it to TP, and adjust stage count if required.

These operators allow SA to flexibly convert between TP
and PP, merge or split PP groups, and adjust pipeline gran-
ularity. In addition, PP groups are subject to the L2 memory
capacity of each chiplet. During pipeline execution, weights
and intermediate feature maps are accumulated in the buffer;
if their combined size exceeds the available L2 capacity, Stitch
models the additional DRAM traffic required to spill and reload
data. Specifically, intermediate OFMs that cannot be retained
on-chip are written back to DRAM and fetched again in
later stages, incurring both latency and energy penalties. This
constraint highlights a general insight: pipeline depth cannot
be increased arbitrarily. While finer partitioning may reduce
pipeline bubbles, excessively deep PP groups quickly exceed L2
capacity and trigger DRAM spill, offsetting potential benefits.

V. EXPERIMENTAL RESULTS
A. Evaluation Settings

Methodology. We implement the cycle-accurate simulator
shown at the bottom of Fig. 5, which models the ring-based
MCM accelerator in Fig. 1 [4], targeting a low-cost edge
system. Unlike prior baselines that assume high-bandwidth
16 nm ground-referenced signaling (GRS) links on organic
substrates [28], denoted as C2C-H (25 Gb/s, 1.17 pl/bit),
our simulator incorporates a low-cost parallel C2C interface
in 16 nm derived from an advanced interface bus (AIB)-
style implementation [29], denoted as C2C-L (2 Gb/s, 0.83
pJ/bit). The adopted energy model is summarized in Table II,
where DRAM, SRAM, and MAC parameters follow prior 16

TABLE II
ENERGY CONSUMPTION AT 16NM [7], [8], [29]

Operation Energy (pJ/bit)
Inter-die communication 0.83
DRAM access 8.75
SRAM access 0.81
8bit MAC 0.024

TABLE III
SYSTEM CONFIGURATION FOR SIMULATION

Parameter Value
C2C bandwidth per pin (Gbps) 2
DRAM bandwidth (Gbps/chiplet) 375
The number of chiplets 4
The number of MACs per chiplet 1024
Clock frequency (GHz) 1
L2 size (KB) 1024
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Fig. 7. Layer-wise latency comparison of ResNet-50 between the implemented
MCM simulator and the RTL design in [4].

nm baselines [7], [8], while inter-die communication energy
comes from the AIB-style implementation [29]. The overall
system configuration is listed in Table III, with per-link C2C
bandwidth taken from the same AIB-style design, and the
remaining parameters aligned with baseline studies to ensure
fair comparison. In addition, pipeline depth is constrained by
the L2 capacity as discussed in Section IV-C, where excessive
stages may trigger DRAM spill and offset potential benefits.

Validation. To ensure accuracy of our evaluation frame-
work, we compare the cycle-accurate simulator against RTL
implementation [4] on ResNet-50 [30]. As shown in Fig. 7,
the average error is 2.41% for computation, 5.06% for C2C
communication, and 3.53% overall. The remaining discrepancy
is mainly due to on-chip/off-chip protocol conversion and burst-
transaction overhead present only in the RTL C2C interface.

Baseline. For comparison, we adopt NN-Baton [7] and
INDM [8] as baselines. NN-Baton heuristically selects per-
layer TP partitions based only on intra-layer communication
cost. INDM applies DP that considers both intra-layer and
inter-layer communication costs. The proposed methods are
denoted as Stitch (Phase I only), which rebalances TP with
DRAM/C2C path selection, and Stitch (Phase 1&II), which
further combines TP rebalancing with hybrid TP/PP mapping.
Unlike mesh-topology approaches for large-scale systems (e.g.,
Gemini [9]), such baselines are excluded since our target is
single-batch inference on low-cost ring-based MCMs. Package-
level PP is instead explored within Stitch (Phase II).
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Fig. 9. EDP comparison under different mapping strategies: (a) ResNet models
of varying scale, and (b) diverse CNN models.

B. End-to-End Performance

Fig. 8 compares proposed methods with baselines on ResNet-
50. With C2C-L, Phase I achieves a 28.7% EDP reduction over
NN-Baton and 15.4% over INDM by rebalancing datapaths
between C2C and DRAM. Although DRAM consumes higher
per-bit energy than C2C, its larger bandwidth reduces latency,
and rebalancing these trade-offs leads to overall improvement.
Adding Phase II yields a further 19.7% reduction relative to
Phase I, resulting in 42.8% and 32.1% reductions compared to
NN-Baton and INDM, respectively. This improvement comes
from PP, which reduces redundant communication (lowering
energy) at the cost of some utilization (increasing latency), but
overall achieves a better energy—latency balance. Under C2C-H,
Phase I shows no gain over INDM and Phase II achieves only
14.7%, which was 19.7% under C2C-L, indicating that while
high-speed links already favor existing approaches, datapath
rebalancing is particularly effective in bandwidth-constrained
C2C, where prior methods are suboptimal.

Fig. 9 provides further insight across different network archi-
tectures. In Fig. 9(a), ResNet scaling illustrates how network
depth affects hybrid mapping. For shallow networks such as
ResNet-18 and ResNet-34, PP provides no additional gain, and
Phase II does not select any PP grouping. As depth increases
(ResNet-101 and ResNet-152), later layers become dominated
by weight size relative to activations, leading to more channel
partitions. In these cases, some planar partitions are grouped
into PP, but the fraction of such layers compared to the total
decreases, resulting in smaller overall EDP improvements.

In Fig. 9(b), other CNN models show distinct behaviors.
VGG-16 [31], with relatively few layers, likewise shows no
gain from PP. DarkNet53 [32] behaves similarly to ResNet
due to its depth and weight-dominant later layers. In contrast,
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Fig. 10. EDP exploration under different system scaling factors: (a) chiplet
count vs. C2C bandwidth, and (b) chiplet count vs. MACs per chiplet.

depthwise-separable architectures such as EfficientNetS [33]
and MobileNetV1 [34] exhibit communication-dominant char-
acteristics. For these models, datapath rebalancing alone yields
limited effect, but PP substantially reduces communication
overhead, producing the largest gains. These results highlight
that the effectiveness of TP/PP hybrid mapping strongly de-
pends on network depth and the communication characteristics
determined by the relative size of weights and activations.

C. Design Space Exploration

Fig. 10(a) shows that when C2C bandwidth is limited,
reducing the number of chiplets yields lower EDP, whereas
with higher bandwidth, scaling to more chiplets becomes
advantageous. Fig. 10(b) illustrates that chiplet-level compute
granularity can be tuned under area constraints to meet a target
EDP at minimal cost. The framework enables rapid exploration,
requiring on average about 57s for 100,000 SA iterations
on an Intel Xeon Silver 4214 processor (2.2 GHz) running
Ubuntu 18.04, compared to several hours typically needed for
RTL simulation.

VI. CONCLUSION

This work addressed communication bottlenecks in low-cost
MCM-based CNN accelerators with bandwidth-constrained
C2C links. We presented Stitch, a two-phase framework:
Phase I optimizes TP partitioning with C2C/DRAM datapath
selection using dynamic programming, and Phase II integrates
PP with adaptive pipeline granularity via simulated annealing.
Unlike prior TP-centric methods, Stitch models DRAM as a
complementary datapath and flexibly applies PP at the package
level. Experiments on ResNet-50 and other CNNs show up to
42.8% EDP reduction under constrained settings, demonstrat-
ing the practicality of communication-aware partitioning with
TP/PP integration for scalable edge inference.
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