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Abstract

As transistor technology advances and miniaturizes, single chips or multiple chiplets can

integrate hundreds to thousands of cores. Networks-on-Chip (NoCs) have become the

standard on-chip communication fabric for many-core systems, offering scalability, par-

allelism, and power efficiency over traditional buses. These properties enable efficient

execution of computations and communications for deep neural network (DNN) layers

on NoCs. However, traditional mapping strategies struggle with the diverse communica-

tion patterns of DNNs, such as inter-layer communication and one-to-many/many-to-one

patterns in fully connected and convolutional layers, necessitating mapping techniques

that mitigate NoC communication bottlenecks. This work proposes AMORL, a gener-

alized reinforcement-learning and convolutional-neural-network (RL–CNN) framework

for scalable, adaptive mapping of DNN workloads onto heterogeneous NoC architec-

tures. RL learns temporal neuron-to-core mapping policies, while CNN captures spatial

communication structure to guide locality-aware decisions. The framework jointly opti-

mizes communication latency, load balancing, and hardware utilization under dynamic

workloads. Evaluations across six DNN workloads, ResNet-50, BERT-tiny, MNIST,

CIFAR-10, IRIS, and Face Recognition, on NoC sizes from 4 × 4 to 32 × 32 demon-

strate that AMORL reduces communication cost by over 70%, load imbalance by up

to 86%, and latency by more than 50% compared to ablated variants, while maintain-

ing energy-efficient operation. Cycle-accurate gem5/Garnet simulations on 4 × 4 and

8 × 8 meshes further validate AMORL’s mappings, showing sustained throughput up to

876Gbps on the 4 × 4 NoC and over 2.77Tbps on the 8 × 8 NoC, confirming the

framework’s robustness under realistic traffic conditions.

Keywords: Network-on-Chip (NoC), Deep Neural Network (DNN), Many-Core Systems, Task

Mapping, Reinforcement Learning, Convolutional Neural Network (CNN), Multi-Objective

Optimization, Energy-Latency Trade-off, Dynamic Workload Adaptation
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1 Introduction

Deep learning has been revolutionizing applications as well as the systems that execute these

applications, including supercomputers such as the the world’s fastest supercomputer, El Cap-

itan [1]. Deep neural networks (DNNs) are used to implement the wide range of deep learning

applications, including image recognition, natural language processing, and speech synthesis.

DNNs can contain thousands to millions of neurons, which create significant computational

and communication demands. For example, AlexNet has 650K neurons and 60 million param-

eters [2], while GPT-3 has a total of 1.18 million neurons and 175 billion parameters [3, 4]. To

meet the demands of deep learning, hundreds to thousands, even millions, of cores are now

integrated into large-scale systems, either on a single chip or multiple chips, to run DNNs;

for example, Cerebras WSE-3 integrated 900K cores in a single processor [5]. DNN work-

loads also incur significant amount of energy on large-scale system, for example, El Capitan

requires approximately 30 megawatts (MW) of power, which is enough run a mid-size city.

Their increasing complexity, characterized by multiple interconnected layers and a vast num-

ber of neurons, demands highly parallel computing architectures to efficiently process the

computations. DNNs have various types of connectivity patterns among neurons, which need

to be communicated when mapped to different processing units, called cores, in a system. A

typical DNN accelerator executes DNNs composed of fully connected and convolution layers,

as shown in Fig. 1. In fully connected layers, each hidden/output neuron uses all input neurons

for computation. In convolution layers, each hidden/output neuron is connected to a smaller

region of the input neurons through a kernel. Thus, neurons have either global or localized

one-to-many and many-to-one communication in these layers. Therefore, communication can

be diverse and intensive in DNNs.

Fig. 1: Computation and communication in a typical DNN
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In modern DNN accelerators, communication between distributed processing cores is

managed by networks-on-chip (NoCs), which enable rapid data exchange with low latency

and high throughput. NoCs carry all the communication, both between cores and between

cores and memory, in large-scale high-performance computing systems, such as datacenters,

cloud servers, and supercomputers [6–8].
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Fig. 2: 2D-Mesh-based heterogeneous NoC architecture

Fig. 2 depicts a multi-core architecture implemented on a 3× 3 NoC, with tiles organized

in a 2D grid. Each tile contains a processor with distinct computational power, its local L1

cache, a slice of the shared last-level L2 cache, and a router configured with varying commu-

nication capacities for data and control transmission between the tiles via links with varying

bandwidths. Data moves between cores as it travels from the L1 and L2 caches of one core

to another, and from a core to the memory controller to handle memory traffic, and so on.

Billions of transistors can now be integrated on a single chip. However, from 90 nm to 7 nm
transistor technology, the scaling down of interconnection energy efficiency has only reached

1.6x, in contrast to the 6x scaling down of transistors [9]. Because of this disparity, energy

consumption in the on-chip systems is increasingly being dominated by the interconnection

delay [10]. As the scale and density of DNNs increase, more inter-core interconnections are

required, and the impact of inter-core communication quickly becomes a significant design

challenge for the NoC. Communication can consume 30% of the overall energy in a deep

learning accelerator [11]. This increased communication energy translates directly into local-

ized temperature rises and thermal hotspots on the NoC, which can cause frequency throttling,

accelerate device wear, and therefore require thermal-aware strategies [12, 13]. Therefore,

accelerating DNNs while ensuring energy and thermal efficiency is the major mapping chal-

lenge. Spatial dataflow and on-chip locality strongly affect communication cost and energy;
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prior accelerator work (e.g., [14]) highlights how mapping decisions that preserve locality can

reduce NoC traffic and system energy. Modern DNN accelerators such as Google’s TPU [15]

demonstrate how hardware structure (e.g., systolic arrays) changes the relative importance

of mapping decisions for latency and energy. NoC architectures have become a widely

adopted communication fabric for modern DNN accelerators due to their scalability, high on-

chip bandwidth, parallel communication support, and ability to efficiently manage localized

and global data movement across many processing elements. These properties enable flex-

ible computation scheduling, improved memory-access regularity, and better utilization of

distributed compute units in large neural networks [16–18].

Mapping DNNs onto NoCs poses significant challenges. First, scalable mapping tech-

niques must accommodate the variable dimensions of both NoCs and DNNs, as fixed-size

algorithms lack the flexibility required for modern systems. Second, simultaneous optimiza-

tion of conflicting objectives, such as minimizing latency while balancing computational

loads and reducing energy consumption, is a complex multi-objective problem. Finally, the

dynamic nature of DNN workloads, where layer characteristics and traffic patterns may

change in real time, requires an adaptive approach that traditional mapping strategies face

challenges to provide.

Existing mapping strategies are often tailored to a specific DNN architecture and a

fixed NoC configuration, achieving high performance for that singular use case. However,

real-world accelerator workloads are dynamic and heterogeneous, often involving rapid con-

text switches between different models. A mapper trained exclusively on one dataset (e.g.,

MNIST) may fail to generalize to another (e.g., a Face Recognition network), leading to sub-

optimal performance and requiring costly retraining. This work considers two complementary

training paradigms: Single-Dataset Training, which specializes a mapper for peak perfor-

mance on a known workload, and Multi-Dataset Training, which learns a robust, generalizable

policy that can adapt to unseen DNNs and dynamic workload mixes without retraining. While

we explored both approaches, we focus on the multi-dataset paradigm as it aligns with the

practical demands of general-purpose AI accelerators, where workloads are heterogeneous

and change over time. To rigorously evaluate our framework’s scalability and generalizability,

we select six DNN workloads spanning a wide range of sizes and communication patterns:

from tiny IRIS (3 layers) and small MNIST (6 layers) to medium CIFAR-10 (8 layers) and

Face Recognition (7 layers), and finally to large architectures such as ResNet-50 (53 lay-

ers), as well as a modern transformer-based workload (BERT-tiny, 8 layers). This diverse

set allows us to assess performance across workloads with vastly different computational

demands, communication intensities, and layer topologies—from fully connected networks to

convolutional and transformer-based models, ensuring that the proposed approach is not tai-

lored to any specific DNN family. To address the aforementioned challenges and achieve these

performance improvements, we propose AMORL (Adaptive Multi-Objective RL-CNN), a

generalized reinforcement-learning and convolutional-neural-network (RL–CNN) framework

for scalable, adaptive mapping of DNN workloads onto heterogeneous NoC architectures.

AMORL exploits the spatial awareness of CNNs and the adaptive learning capabilities of RL

to optimize the allocation of DNN workloads onto NoCs, thereby delivering a unified solution

for dynamic, multi-model environments. The major contributions of this work are as follows:
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• AMORL Hierarchical Learning Architecture: We introduce AMORL, a hierarchical frame-

work combining a meta-controller and an RL–CNN policy. The meta-controller dynam-

ically weights five objectives, communication cost, load imbalance, energy efficiency,

latency, and a thermal-risk metric, via a learned softmax, yielding an adaptive, context-

aware scalar reward. Under the meta-controller, the CNN-based policy learns spatial

mapping patterns on the NoC mesh, while the RL agent optimizes temporal sequences of

cluster-to-core assignments.
• Training-Aware, Phase-Specific Mapping: We extend RL–CNN to be training-aware by

encoding forward, backward, and weight-update phases in the state and applying phase-

weighted communication penalties (e.g., doubling the cost during backprop). This design

allows AMORL to place layers so as to accelerate every phase of DNN training, reduc-

ing forward-pass hops, clustering gradient flows, and co-locating update-heavy clusters,

without changing the DNN’s optimizer (e.g., Stochastic Gradient Descent (SGD)).
• Fast Online Adaptation: To handle sudden changes in workload (like a new batch size or a

different model), we extract fixed-size workload features and trigger a quick online adap-

tation step. By performing a few gradient steps on a learned adaptation vector, using top-k

similar past experiences, the mapper quickly specializes to new patterns without retraining

from scratch.
• Multi-Objective Reward with Thermal Modelling: In addition to communication dis-

tance, imbalance, and energy, we incorporate per-hop latency and a simple thermal-risk

model into a 5-dimensional reward vector. This lets AMORL balance speed (throughput),

efficiency, and reliability (thermal safety), avoiding hot spots under heavy compute loads.
• Scalability Across NoC Sizes and DNN Cluster Counts: By training on random meshes

from 4×4 up to 32×32 and DNNs with 3 to 53 cluster (from tiny IRIS to large ResNet-50),

AMORL learns size-invariant, generalizable mapping policies. To promote generalization,

we train the DNN mapper jointly on all six workloads, enabling the unified policy to

produce mapping solutions for diverse configurations without per-workload retraining. At

runtime (inference), it picks mappings in constant time, and the meta-controller adapts

automatically to different NoC sizes and changing workloads.
• Evaluation on Realistic Benchmarks and Platforms: We conduct extensive evaluations

using an in-house developed DNN mapper that generates neuron-to-core mappings for six

DNN workloads, Resnet-50, BERT-tiny, MNIST, CIFAR-10, IRIS, and Face Recognition

datasets, across NoC sizes ranging from 4 × 4 to 32 × 32 NoCs. The mapping traces

are fed into the cycle-accurate Garnet NoC model [19] within the gem5 platform [20] for

latency and throughput evaluation. The in-house mapper additionally computes commu-

nication cost, energy consumption, load imbalance, thermal risk, and related metrics, and

supports component-wise comparison studies to analyze the impact of individual AMORL

framework components.

Together, these advances yield a unified, adaptive, multi-objective mapping solution that

accelerates both inference and training of diverse DNNs on many-core NoC platforms while

keeping latency low, saving energy, balancing workloads, and preventing overheating.

Related work is presented in Sec. 2. Then we discuss our proposed RL-CNN framework

for mapping DNNs onto NoCs in Sec. 3. The acceleration of DNN training on NoCs and the

learning dynamics of the AMORL framework are discussed in Secs. 4 and 5, respectively. An
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illustrative example of AMORL-based DNN-to-NoC mapping is presented in Sec. 6. Simula-

tion results in Sec. 7 demonstrate the effectiveness of the proposed RL-CNN-based adaptive

multi-objective mappings solution.

2 Related Works

There have been many works that use machine learning (ML), reinforcement learning(RL),

and deep learning for various optimizations, such as power and thermal management, load

balancing, adaptive routing, and predictive failure maintenance, in NoC-based multi-core

architectures [21–31]. However, only a small number of studies have explored machine learn-

ing, deep learning, or reinforcement learning for mapping DNNs onto NoC architectures.

Existing DNN mapping methods lack adaptability to dynamic NoC sizes. This gap moti-

vates our AMORL approach. In [32], the mapper is designed with heuristics and iterative

search strategies to rapidly locate optimal energy/performance spatial and temporal mapping

points. [33] proposed a genetic algorithm-based technique for mapping DNNs. [34] proposed

NN-aware mapping algorithm to reduce the distance of the data communication and used

multicast data transmission to reduce the amount of packets with same data in each rout-

ing path. [35] proposed several rules for low latency mapping of NNs onto NoCs. Some of

the rules include: neurons of different layers’ can not be mapped in the same node, use least

number of mapped or working nodes, and placing the neuron-mapped nodes as close as pos-

sible. Two mapping strategies for mapping spiking NNs onto NoC are presented in [36].

One strategy uses the Kernighan-Lin algorithm to put highly communicating tasks together.

The second strategy performs a balanced distribution of neurons among the cores to reduce

congestion. [37] proposed multi-objective evolutionary algorithm based approach to DNNs

accelerator mapping space exploration. [38] explored different NoC architectures and map-

ping solutions for DNNs and also proposed a concentrated-mesh NoC and a load-balanced

mapping solution for accelerating DNNs. [39] proposed hardware-based scheduling methods

to efficiently schedule dependency-free sub-layer tasks. It maps compute- and memory-

intensive tasks from multiple NNs onto accelerator’s computation resources and memory

bandwidth to execute them in parallel. [40] used layer scheduling to improve layer parallelism

in DNN accelerator. Here, a scheduler checks layer dependence and memory constraints

and optimize overall latency and energy of multiple DNN workloads running on an accel-

erator. [41] maps the CNN to the NoC using a two-step process: first, it maps the CNN’s

computations onto the PEs, and then it maps the PEs onto the NoC using a genetic algo-

rithm. [16] present Integer Linear Programming (ILP) and simulated annealing (SA)-based

neuron grouping solutions with the objective of minimizing the total volume of data com-

munication among the neuron groups in both fully connected and partially connected DNN

models and also minimizing the total communication cost of the system. [42] proposes a mul-

tilevel mapping approach for DNNs onto NoCs. First, it selects a specific region for mapping

each layer, and in the second step, the neurons are mapped onto particular cores to improve

performance in terms of latency and energy consumption. [43] propose a mapping strategy

to unevenly distribute tasks of DNN onto PEs and reduce time consumption by balancing

workload in NoCs. They also investigate the impact of different NN layers, communication

protocols, and hardware platforms by analyzing the performance of a layer under various

conditions, including packet size and NoC architecture.
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Unlike most existing mapping works, our proposed RL-CNN-based framework, called

AMORL, provide generalized mapping solutions to dynamically map any kind of DNNs (with

any number of layers and neurons) to any kind of NoC architectures. AMORL also provides

multi-objective mapping multi-objective mapping that jointly considers energy, latency, load,

and thermal factors. Prior work like MAESTRO [44] has excelled at providing fast, accurate

cost models for evaluating intra-layer dataflow mappings on specialized accelerators. In con-

trast, our work focuses on generating inter-layer spatial mappings for general-purpose NoCs,

a problem that involves optimizing communication across an entire network of layers rather

than data reuse within a single kernel.

3 Proposed RL-CNN Framework for Mapping DNNs on NoCs

The proposed RL-CNN framework follows multiple steps to learn optimal mapping policies

for DNN workloads and adapt to dynamic changes in DNN workloads. Initially, the frame-

work analyzes the DNN workload to determine both the computational and communication

requirements of each neuron layer in DNN. Each DNN layer (convolutional, pooling, or fully

connected) is modeled as a cluster, with computational demand quantified in floating-point

operations per second (FLOPs) and communication requirements using the data depen-

dencies between layers (in bytes exchanged with the next layer). Convolutional, pooling,

and fully-connected layers each contribute a unique FLOP/communication pattern: convo-

lutions drive local, overlap-friendly traffic; fully-connected layers generate costly all-to-all

exchanges; and pooling or normalization layers incur minimal data movement. By converting

these raw counts into a normalized compute vector and a communication intensity matrix,

we obtain a fixed-size workload representation that can scale from small networks (e.g., IRIS

with 3 layers) to very deep ones (e.g., ResNet-50 with 53 layers). This unified representa-

tion enables AMORL to learn a single policy that generalises across DNNs of vastly different

sizes and structures.

After DNN workload analysis, next we feed this description into our RL–CNN policy. The

framework uses RL to develop dynamic policies for neuron clusters-to-cores mapping. The

clustering of multiple neurons into a single mapping decision offers a manageable and effi-

cient approach to optimize core utilization and communication in large DNNs. RL is trained

with various NoC configurations from 4×4 to 32×32. By training across diverse NoC sizes,

the system learns generalizable mapping policies that balance communication, load distribu-

tion, and energy efficiency. The features of state of NoC resources and application demands

for training RL include normalized cluster sizes (number of neurons), inter-cluster commu-

nication intensities, and core utilization. A CNN processes these state information to detect

spatial patterns across the NoC, especially identifying regions experiencing high communi-

cation density and cores that are underutilized. The CNN outputs a probability map of shape

clusters× cores. Each entry (in the probability map) reflects the likelihood of mapping a par-

ticular DNN cluster to a given core, which guide the RL agent in its decision on mappings.

We then sample or greedily select a one-to-one mapping from these probabilities and apply it

to the environment, which computes the new core utilizations, total communication cost (the

sum of communication intensities weighted by Euclidean distances), load-imbalance (stan-

dard deviation of utilizations), and energy consumption (compute + communication). These

metrics are combined into a single, multi-objective reward to train the RL agent. Energy and
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communication cost modeling follows established analytical tools (e.g., [44]), which compute

communication bytes× hops and energy estimates from mapping decisions.

Fig. 3: RL-CNN based AMORL Framework for Mapping DNNs on NoCs.

Fig. 3 shows the AMORL framework, showing the RL-CNN policy network, meta-

controller, adaptation module, and NoC environment. The details of the RL-CNN framework

are presented in the following sections.

3.1 Performance Metrics

We have evaluated several metrics to assess the performance of our DNN mapping solutions.

The load imbalance metric quantifies how evenly the computational load is distributed across

the NoC cores. Computational load distribution per core is measured by computing the stan-

dard deviation of the core utilization. A high standard deviation indicates that the load is

unevenly distributed, which is undesirable. The load imbalance is mathematically defined as:

LoadImbalance =

N
∑

i=1

(ui − ū)2 (1)

where, ui represents the utilization of core i, ū denotes the mean utilization across all cores,

and N is the total number of cores.

The total communication cost metric is designed to capture the cumulative latency

incurred by inter-cluster communications. For each pair of clusters, the cost is determined by

multiplying the Euclidean distance between the cores where they are mapped by the commu-

nication intensity between those clusters. The overall communication cost is the sum of these
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products over all cluster pairs, as given by

TotalCommCost =

C
∑

i=1

C
∑

j=1
j ̸=i

Commi,j · Distancei,j (2)

where, C is the total number of clusters, Commi,j represents the communication intensity

between clusters i and j, and Distancei,j is the Euclidean distance between mapped cores.

Energy efficiency is another metric for evaluating mapping performance. Energy effi-

ciency is defined as the average energy consumed per unit of communication. The average

energy per communication is computed by dividing the total energy consumption by the

number of communication pairs, where the total energy is the sum of the products of commu-

nication volumes, corresponding distances, and energy consumption per byte Energybyte.

This is expressed mathematically as:

Avg energy/comm =

∑

i,j

Commi,j · Distancei,j · Energybyte

num clusters · (num clusters− 1)
(3)

3.2 DNN Workload Integration

3.2.1 Cluster Modeling

Each DNN layer (convolutional, pooling, or fully connected layer) is modeled as a cluster

characterized by two primary properties. The first is the computation demand, which is mea-

sured in FLOPs and is normalized to the range [0, 1] based on the complexity of the layer.

For a fully connected layer, the number of input and output neurons are used to calculate the

FLOPs. For a convolutional layer, FLOPS are computed based on kernel size, channels, and

spatial dimensions. For a pooling layer, the number of channels, kernel size, and height are

used to compute the FLOPs. The second is the communication requirement, which is derived

from the data dependencies between consecutive layers. For every layer except the last, the

communication cost in terms of data size to the next layer is calculated. Since each output

element is stored as a float32, multiplying by 4 gives the total number of bytes that must

be transferred between layers. These values are scaled appropriately to prevent numerical

instability. For example, a convolutional layer that requires 2 million FLOPs and has 3000

communication units might be mapped to a high-performance core that is located near the

pooling layer that depends on its output.

3.2.2 Workload Selection for Evaluation

To comprehensively evaluate AMORL’s adaptability across the spectrum of modern neu-

ral network architectures, we select six DNNs that cover a wide range of model sizes,

communication patterns, and layer types: IRIS (3 layers, fully connected(FC)), MNIST (6

layers, convolution (conv)+FC), CIFAR-10 (8 layers, conv+FC), Face Recognition (7 layers,

conv+FC), BERT-tiny (8 layers, transformer), and ResNet-50 (53 layers, deep convolutional

with skip connections). This selection spans from tiny, fully connected networks to large con-

volutional and transformer-based models, ensuring that AMORL’s learning-based mapping
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policy is not tailored to any single architecture and remains effective across the heterogeneity

of real-world DNN workloads.

3.2.3 Training Paradigms: Single Dataset vs. Multi-Dataset

The AMORL framework supports two distinct training modalities, each with its own

advantages and target applications.

• Single-Dataset Training: In this paradigm, the RL agent and meta-controller are trained

exclusively on workloads generated from a single DNN architecture (e.g., only CIFAR10

for thousands of episodes). This allows the model to deeply specialize, learning the precise

computational and communication patterns of that specific network. The meta-controller

converges to a static, optimal weighting of objectives (e.g., perhaps prioritizing load imbal-

ance for this particular DNN’s layers) and the policy learns a highly-tuned spatial mapping

strategy. The result is often the highest possible performance for that specific workload but

at the cost of brittleness; the model may perform poorly if the workload changes.
• Multi-Dataset (Adaptive) Training: This paradigm mirrors real-world conditions by ran-

domly interleaving episodes from multiple, diverse DNN workloads (e.g., ResNet-50,

BERT-tiny, MNIST, CIFAR-10, IRIS, and Face Recognition) throughout training. This

forces the policy and meta-controller to become generalists. The meta-controller must learn

to dynamically reinterpret its weighting strategy based on the system state, which now

implicitly encodes the type of workload. It learns a more nuanced policy that balances

objectives in a workload-aware manner. While convergence can be slower and more volatile

due to conflicting gradients from different tasks, the resulting model is inherently robust

and adaptive. It can handle unforeseen DNNs and shifting workload mixes at inference

time, making it the superior choice for general-purpose AI accelerators.

For the experimental results presented in this paper, we adopt the multi-dataset paradigm, as it

reflects the unpredictable, multi-model nature of real-world AI workloads. The single-dataset

approach was also investigated but is not reported here.

3.2.4 Layer-to-Layer Variability in DNNs

DNNs are a heterogeneous assemblage of computational stages, each with its own charac-

teristic mix of arithmetic intensity and data movement. Convolutional layers perform vast

numbers of multiply-accumulate operations (MACs) on small k × k patches: every output

pixel is computed by sliding a compact kernel over the input feature map. Because those input

patches overlap heavily, convolution induces predominantly local traffic; each core needs only

the few neighboring activations that fall under its kernel window. By contrast, fully-connected

layers exhibit an all-to-all communication pattern: each output neuron must read every acti-

vation produced by the previous layer, producing global traffic that can traverse the entire

NoC mesh. Between these extremes lie pooling and normalization operations, which incur

relatively few FLOPs and minimal inter-core data exchange, and the attention mechanisms

of transformer models, whose data-flow graphs vary at runtime with sequence length and

token interdependencies, producing highly irregular and dynamic communication demands.

Because each layer’s ratio of compute to communication, its dependency graph, and its oppor-

tunities for data reuse differ so significantly, a static, one-size-fits-all mapping strategy will
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either underutilize compute resources or create hot-spot congestion when faced with layers

whose patterns do not match the assumption built into the mapping.

3.2.5 Batch Size and Data-Dependent Variations

In practice, the per-layer workload is also shaped by the size and nature of the input data.

A larger batch multiplies both the number of MACs and the volume of activations that must

be exchanged; doubling the batch size doubles the on-chip traffic for every layer, amplify-

ing any existing communication bottlenecks. Moreover, many modern architectures, such as

those for natural language processing (NLP), process inputs of variable length, and ReLU or

other sparsity-inducing activations can zero out large fractions of intermediate tensors. Those

zeroed activations needlessly occupy NoC bandwidth if not handled intelligently; conversely,

a sparse layer can often be mapped with far fewer data exchanges, presenting an opportunity

for on-the-fly remapping. In sum, the NoC must accommodate both predictable load scaling

with batch size and unpredictable shifts in tensor shape and sparsity, or else suffer energy and

latency penalties from misaligned resource allocation.

3.2.6 Runtime Adaptation and Multi-Model Workloads

Finally, real accelerators operate in multi-model, multi-task environments, rather than execut-

ing one isolated DNN continuously. They handle streams of diverse models, such as image

classification workloads in one moment, semantic segmentation in the next, followed by

object detection, each network varying in depth, layer types, and inter-layer connectivity. Sud-

den spikes in demand for one model can overload cores that were previously idle or lightly

loaded, while hardware conditions (such as thermal throttling or occasional core failures) can

change the available compute and communication fabric in real time. An effective mapping

solution must therefore go beyond a static assignment designed for a single network graph; it

must continuously sense the current mix of active models, the prevailing batch sizes and data

shapes, and the instantaneous health of the NoC resources, then adapt its placement policy to

ensure balanced utilization, low communication latency, and energy-efficient operation under

changing conditions.

3.3 RL-CNN Framework Details

3.3.1 State Representation

The state representation of the environment for RL includes three-channel feature data. The

first channel holds the normalized compute cost (FLOPs) for each neuron cluster. The second

channel represents the communication intensity between dependent clusters. The third chan-

nel shows the current utilization of the cores, which is updated dynamically as mappings are

applied. The utilization is normalized to ensure numerical stability during training.

3.3.2 Policy Network Architecture

The policy network architecture is based on a CNN that uses spatial convolutions to learn

NoC resource-aware mapping patterns. The CNN has two convolution layers and one fully

connected layer. ReLU activation in convolution layers introduces nonlinearity. The fully

connected network takes the flattened feature map from feature net and outputs a vector,
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which is the product of the number of neuron clusters (grouped by layer) in DNNs and the

total number of cores in NoCs.

The decoder component of the CNN produces an n×n probability map (for an 8×8 NoC,

this map contains 64 elements), where each value in the range 0 to 1 indicates the likelihood

of assigning a particular cluster to that core. The forward function in CNN defines how the

network processes an input state that is passed through the feature net and then flattened.

The softmax function is applied along the last dimension to convert logits into a probability

distribution over the cores. A mapping function converts the probability outputs from the

policy network selects the highest-probability core for neuron cluster mapping.

3.3.3 Reward/Loss Functions and Training

The RL-CNN training process involves designing a reward function rt that combines multiple

objectives, formulated as:

rt = −TotalCommCost− 10 · σ(Utilization)

·LoadImbalance− 0.5 · TotalEnergy
(4)

where, TotalCommCost measures the sum of all cluster communication volumes weighted

by the distances between their assigned cores, LoadImbalance indicates how evenly the com-

putational load is distributed across cores, TotalEnergy is the total energy consumption in the

NoC, and σ(Utilization) represents the standard deviation of core utilization.

In this framework, a positive reward indicates the agent’s action improved performance

metrics (reduce communication distance/energy/load imbalance), reinforces the agent to

repeat similar actions. Similarly, a negative reward (penalty) indicates the agent’s action led

to a suboptimal results, such as increased energy consumption or latency, and explicitly tells

the agent to avoid similar actions in the future.

The loss function implements a policy gradient. Policy gradient calculates log-likelihood

of chosen actions and inverts sign to convert likelihood maximization, resulting in loss min-

imization problem. It also scales gradients by reward differences Rdiff between the current

reward and baseline reward, Rdiff = rt − baseline. A baseline reward is maintained and

updated using exponential smoothing, baseline = 0.9 · baseline+ 0.1 · rt.

L = −E [log π(a | s) ·Rdiff ] (5)

where, π(a | s) is the policy action probability of taking action a given the state s, and Rdiff

is the reward differences from the baseline for the episode. An episode refers to a complete

cycle of interaction between the RL agent and the NoC environment. if Rdiff is large, the gra-

dients can also become very large. Excessively large gradients can lead to unstable updates of

the network parameters, resulting in the divergence of the training process, known as the gra-

dient explosion problem. To address this, gradient scaling/clipping is applied during training

to limit parameter updates within a stable range.

In our RL-CNN training process, each episode in training uses a random NoC size (e.g.,

4 × 4 to 32 × 32). The focus is generalization that forces the model to adapt to any size

immediately. The proposed mapping framework can map arbitrary NoC sizes, for example, it
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works on 8× 8 and 32× 32 equally. The framework does not have any dependency on prede-

fined NoC size sequence. The mapping framework can discover NoC size-invariant patterns

for mapping. However, the challenge is that it may have slower convergence because it needs

more training samples to avoid suboptimal local minima solutions. The mapping framework

offers scalability through constant-time (O(1)) action selection during inference. Its dynamic

adaptation capabilities allow the model to learn real-time adjustments.

3.3.4 Fixed-Size Pattern Extraction for Change Detection

To enable on-the-fly detection of significant workload shifts, we extract from each N×N state

tensor a fixed-length workload pattern via adaptive pooling. Concretely, we take the compute

channel of the state (channel 0), apply a 2D adaptive average pool to 16 × 16, and flatten to

a 256-element vector. This workload pattern is both compact and resolution-invariant, so it

can be compared across NoC sizes (4 × 4 to 32× 32) for fast similarity or change-detection

operations.

3.3.5 Multi-Objective Environment Metrics

Beyond communication cost, load imbalance, and energy, our updated environment now

also tracks per-hop latency and a simple thermal risk model. At each mapping step, we

accumulate:

• Latency as the maximum distance (in hops×per-hop delay) seen across all communicated

cluster pairs.
• Thermal risk by incrementally heating each core proportional to its compute energy and a

thermal coefficient, and summing the on-chip temperature array.

These additional scalar metrics are returned as a 5-element reward vector r, enabling a

richer adaptation stage. r is the reward vector NoC environment returns at each step.

r =
[

rcomm, rimbalance, renergy, rlatency, rthermal

]

3.3.6 Dynamic Weighting via Meta-Controller

To flexibly trade off these five objectives under varying system conditions, we introduce a

small meta-controller network. The meta-controller is a small neural network that sits above

the main RL-CNN policy and dynamically decides how much to emphasize each of our

multiple objectives (communication cost, load balance, energy, latency, and thermal risk) at

any given moment. It (meta-controller) takes as input a normalized 5-element system state,

including current power budget, thermal headroom, achieved latency service-level, work-

load entropy (from change-detector, how surprising the new workload is), and time since last

change (how long it’s been since the last detected change), and outputs a 5-way softmax of

objective weights, w. This dynamic weighting approach allows us to navigate the Pareto front

of objectives, a core challenge in multi-objective sequential decision-making [45].

w =
[

wcomm, wimbalance, wenergy, wlatency, wthermal

]⊤
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During training, we combine the weighted reward vector into a single scalar rAMORL,

as shown in Eq. 6. It produces a normalized 5-element weight vector w, one weight per

objective, as shown in Eq. 6. Instead of fixing a single reward formula once and for all, we

use these weights to compute a weighted sum of our five raw metrics. This lets the system,

for example, temporarily prioritize thermal safety if the chip is running hot, or favor latency

when a real-time deadline approaches.

rAMORL = w
⊤
r = wcomm rcomm + wimbalance rimbalance

+wenergy renergy + wlatency rlatency + wthermal rthermal

(6)

w is the weight vector produced by the meta-controller computes using a softmax opera-

tion, which ensures all its entries sum to one. We then apply w to our multi-objective reward

during the policy-gradient update. At regular intervals, we also train the meta-controller itself

by sampling similar past experiences via a cosine-similarity replay buffer and maximizing the

alignment between its weights and the normalized multi-objective returns. During the main

RL loop, we hold the meta-controller’s outputs constant for each episode but periodically

update its parameters by replaying past experiences: we measure how well its chosen weights

would have performed on similar workloads, and back-propagate to improve its future weight-

ing decisions. The meta-controller acts like a tactical manager: it monitors high-level signals

about system health and workload demands, then adjusts the weights on the multi-objective

reward so that the base RL-CNN policy always learns in the context most important to the

current conditions.

3.3.7 Adaptation Module in the Policy Network

To react quickly when workloads shift, we augment the base CNN with an adaptation head.

During a detected change, we retrieve the top-k most similar past experiences from the replay

buffer and perform a few gradient steps to fine-tune a small 128-dim adaptation vector. This

vector is added to the CNN’s flattened features before the policy head, effectively steering

the model toward mappings that worked well on similar patterns. At inference time, the same

online adaptation entry point lets us recompute this vector and immediately adjust the pol-

icy without retraining all weights. This fast adaptation step is inspired by model-agnostic

meta-learning (MAML) techniques [46] and is designed to mitigate catastrophic forget-

ting [47], allowing the policy to specialize to new workloads without degrading performance

on previously learned ones.

4 Training-Aware Mapping

To accelerate the training of DNNs on a NoC, we extend our RL-CNN mapper to recognize

and optimize for the distinct communication and compute patterns that occur during the for-

ward pass, the backward pass (gradient propagation), and the weight-update phase (without

modifying the underlying training algorithm). By modeling these phases explicitly, encoding

them in the mapper’s state, and adjusting the reward to emphasize the most critical bottle-

necks, we enable the learned placement policy to reduce overall epoch time solely through

hardware-aware placements (without altering the DNN’s own training algorithm).
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4.1 Phase-Specific Workload Characterization

During training the network does not only send forward activations from layers i to i + 1; it

must also propagate backward gradients from layers i + 1 to i to compute weight updates.

Those backward tensors are roughly the same size as the forward feature maps, so the

NoC sees roughly one activation-sized transfer in the forward pass and another in the back-

ward pass, effectively doubling activation traffic compared with inference. Reconfigurable

dataflow accelerators (e.g., [48]) show that different dataflow choices (weight- vs. activation-

stationary) change which data move at runtime, motivating a mapping approach that adapts

to the dominant data movement pattern. Because our mapper assumes weights are resident

on cores, namely weight-stationary, this doubled traffic is dominated by activations/gradients

rather than by weights. Thus, in training, each layer i incurs three types of computation and

communication:

• Forward activations: computing the layer output, moving feature maps from layer i to i+1.
• Backward gradients: propagating error gradients, moving data from layer i+ 1 back to i.
• Weight updates: synchronizing updated parameters (e.g. via an all-reduce) across cores or

to a central memory controller.

We represent these demands in our workload generator by extending the communication

matrix C to three matrices Cfwd, Cbwd, Cupd. Concretely, for a layer of size ni:

Cfwd
i,j =

{

4 · output size(i), j = i+ 1,

0, otherwise,
(7)

Cbwd =
(

Cfwd
)T

, (8)

Cupd
i,i = 4ni. (9)

where the weight synchronization cost scales with the size of the layer. It is important to

note that backward passes dominate training time (60–70%) due to gradient synchronization

bottlenecks.

4.2 Encoding Training Phase in State

To inform the CNN about which phase is being mapped, we augment the state tensor with a

one-hot phase indicator for forward, backward, and update phases:

S ∈ R
6×N×N =

[

Ccompute, Cfwd, Uutil, P fwd, P bwd, P upd
]

(10)

Here, Ccompute is the normalized FLOPs map, Cfwd is the forward-pass communication

intensity, Uutil is the current core utilization, and P fwd, P bwd, P upd is a one-hot encoding

of the phase: During a forward pass,

P fwd, P bwd, P upd = (1, 0, 0).

During backward, P fwd, P bwd, P upd = (0, 1, 0). During update, P fwd, P bwd, P upd =
(0, 0, 1).
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Thus the 6-channel state

S ∈ R
6×N×N

consists of normalized compute, forward-pass communication, current utilization, and phase

flags. Using a one-hot flag lets the convolutional filters learn phase-specific spatial pat-

terns, for example, tightening placements around gradient-flow corridors during the backward

phase, or clustering weight-update layers near memory during the update phase, without con-

flating those patterns with the base compute, communication, and utilization signals. This lets

the CNN learn distinct spatial mapping strategies for each training phase in a single unified

network.

4.3 Phase-Weighted Reward Function

Because the backward pass often dominates training time, we weight the communication

penalty according to the current phase. Let dij be the Euclidean distance between cores

assigned to clusters i and j. We compute the communication cost for each phase

ϕ ∈ {fwd, bwd, upd}

as

CommCostϕ =
∑

i ̸=j

Cϕ
ij dij (11)

The scalar reward rt at step t becomes

rt = −wϕ CommCostϕ − 10σ(util) − 0.5Etotal (12)

where, wfwd=1.0, wbwd=2.0, and wupd=1.5. By doubling the backward-pass penalty, the

policy emphasizes minimizing gradient-propagation hops, which directly speeds up back-

propagation.

4.4 Integration into the Training Loop

In practice, before each training epoch, we perform three mapping calls, one for each of

the forward, backward, and weight-update phases, so that each pass runs with an optimized

mapping generated by the current AMORL policy. This nested loop (epoch over phase) inter-

leaves DNN forward, backward, and update computations with policy-gradient updates of

the mapper, ensuring that placements continually adapt to evolving training dynamics (batch

size changes, sparsity, phase shifts). The resulting mapping for each phase is generated by the

current AMORL policy, as shown in Algorithm 1.

By extending our RL-CNN mapper to be training-aware, we leverage its spatial and tem-

poral learning capabilities to accelerate every phase of DNN training without touching the

network’s SGD routines. Specifically, before each forward, backward, and weight-update

phase, we regenerate the layer-to-core mapping so that the policy can place successive acti-

vation transfers, gradient flows, and parameter synchronizations on the most favorable cores.

During the backward pass, when gradient propagation bottlenecks dominate, the one-hot
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phase flags guide the CNN to compress hop distances along the critical error-flow corri-

dors and evenly distribute backprop compute across underutilized tiles. In the update phase,

the mapper clusters weight-update, heavy layers close to memory controllers or aggregate

nodes, minimizing all-reduce latency. If the batch size grows or activation sparsity spikes

mid-training, our wavelet-based change detector triggers a lightweight online adaptation step,

smoothly adjusting the policy’s feature offsets and remapping layers without interrupting the

SGD loop. This clear separation of concerns, where the RL-CNN handles where to run each

layer and the DNN framework handles how to update its parameters, yields tangible benefits:

for example, on our NoC-based accelerator ResNet-50 epoch times fall from 86.5ms down

to 59.2ms while maintaining identical accuracy.

Algorithm 1 AMORL Framework-Based DNN Mapping with Online Adaptation

Input: Maximum epochs M
Output: Trained AMORL mapping policy π∗ (including meta-controller and adaptation)

1: for epoch = 1 to M do

2: for all ϕ ∈ {forward, backward, update} do

3: state← env.get state(ϕ)
4: mapping← π(a | s) ▷ RL–CNN policy

5: EXECUTEPHASE(ϕ, mapping)

6: r← env.compute metrics(mapping)
7: R← w

⊤
r ▷ Reward aggregation

8: POLICYUPDATE(R)

9: if ADAPTATIONMODULE.DETECTSHIFT(state) then

10: policy← ADAPTATIONMODULE.FASTUPDATE(· · · )
11: end if

12: end for

13: end for

5 Learning Dynamics in AMORL Framework

5.1 Temporal Learning in AMORL Framework

In the RL-CNN-based AMORL framework, the agent makes a series of mapping decisions:

layer after layer, clusters of neurons are assigned to cores in turn, and each choice both shapes

and is shaped by those that came before. At step t, the agent observes the current NoC state,

compute demands, communication intensities, and accumulated utilization, and selects an

action at, namely map layer t to core (x, y). Once that assignment is made, the environment

updates core utilizations and recalculates communication costs, yielding a new state st+1.

The very same policy then chooses the next action at+1, and so on until all NN layers are

placed. The final reward reflects the whole chain of choices: a bad early decision can force

long data paths later, while a good early placement (e.g., lower-latency and energy-efficient)

makes all remaining layer mappings provide higher performance and energy-efficiency.

Because every placement changes both load balance and distances between cores, the

agent is learning in a changing situation where each decision affects what comes next. In
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the beginning, the policy explores randomly and often gets very poor rewards. Over time,

we keep a running average of past rewards as a baseline. By subtracting that baseline from

each new reward, we get an advantage signal that tells us whether a mapping was better or

worse than usual. In the learning phase, the policy-gradient update increases the probability

of action sequences that yield less-negative cumulative penalties, while suppressing those that

incur heavy latency or energy costs. Random NoC sizes, different DNNs, and shifting load

patterns force the policy to discover strategies that place high-traffic layers close together,

spread heavy compute across the mesh to avoid hotspots, and cut overall communication

energy through careful temporal ordering.

5.2 Spatial Learning in AMORL Framework

Complementing temporal learning in AMORL Framework, the CNN component gives the

agent spatial intelligence by treating the NoC as a three-dimensional grid: two spatial dimen-

sions of cores and one channel dimension encoding compute, communication, and utilization

features. This image of the NoC is fed through successive convolutional layers. The first

convolution identifies local compute islands, detecting small clusters of high FLOP demand

much like edge detectors in vision; a pooling layer then abstracts these local patches into

broader communication regions, coalescing information about where data streams concen-

trate. A deeper convolutional layer integrates these neighborhoods into global dependencies,

recognizing distant but heavily communicating core pairs and the corridors those data flows

will traverse.

Through back-propagation driven by the multi-objective reward, the CNN learns to spot

three critical spatial patterns. Hotspot detection flags over-utilized core clusters, biasing the

policy against further placement there. Communication corridor recognition uncovers the

frequent paths linking producer-consumer pairs, guiding the policy to map new layers adja-

cent to existing ones and thus curb hop counts. Finally, dead-zone identification locates

under-utilized regions that can absorb new compute load without congestion. By fusing these

spatial features with the RL agent’s temporal sequencing, the framework produces mapping

policies that respect the mesh topology, for example, that a core at (0,0) communicates far

more cheaply with (0,1) than with (3,3), while flexibly adapting to different mesh layouts and

even link failures.

Together, the temporal and spatial learning modules enable a mapping solution that

balances communication latency, load distribution, and energy efficiency: the RL agent

sequences layer placements optimally over time, while the CNN ensures those placements

align with the geometric and traffic constraints of the NoC fabric.

5.3 Online Adaptation and AMORL Workflow

When the fixed-size pattern extractor and wavelet-based monitor detect a significant shift

in the incoming DNN workload signature, we trigger fast adaptation. First, we reset a time

since change counter and raise the workload entropy input to the meta-controller. Next, we

call our fast adaptation routine: it samples up to 64 past state–action episodes whose signa-

tures best match the new pattern, then runs 3–5 gradient steps on the adaptation vector only,

guided by their log-probabilities. This produces a custom adjustment that, when applied in
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the AMORL-based mapper’s forward pass, quickly shifts the policy toward previously suc-

cessful mapping configurations for that workload. By combining this quick inner-loop with

our slower, baseline policy-gradient outer-loop, AMORL can both generalize across NoCs

and rapidly specialize to sudden changes in layer patterns, batch sizes, or multi-model mixes.

6 AMORL Framework-based DNN-to-NoC Mapping

Example

To demonstrate the full operation of the RL–CNN-based AMORL framework, including all

components shown in Fig. 3, consider a fully connected DNN layer composed of sixteen

clusters (CL0–CL15), each containing between 32 and 64 neurons. The mapping process

begins with the construction of the state s, which includes the normalized cluster sizes (e.g.,

a 64-neuron cluster mapped to 1.0), the 16 × 16 communication matrix describing pairwise

communication intensities, and the current NoC state, such as temperature, link utilization,

and congestion levels. In this example, clusters CL0 and CL1 communicate with intensity

0.9, CL1 and CL2 with intensity 1.0, and CL5 and CL10 with intensity 0.6, while all other

pairs exhibit low interaction (< 0.3). This full state tensor is fed into the RL–CNN policy

network, where the CNN first extracts spatial features that capture locality structure in the

NoC, identify lightly utilized regions such as corner and edge tiles, and highlight regions

susceptible to congestion. These features are then passed to the RL agent, which maintains

and updates the mapping policy that evaluates how well different placements are expected to

perform.

From these spatial and policy features, the RL–CNN model produces the distribution

π(a | s), representing the probability of assigning each cluster to each of the 64 cores. The

RL agent then samples or selects the final mapping action a. For example, because clusters

CL1 and CL2 exhibit the strongest interaction, the agent assigns them to adjacent cores such

as (3,3) and (3,4) (Manhattan distance 1), while moderately communicating clusters like CL5

and CL10 may be mapped to (2,2) and (2,3). Low-communication clusters such as CL12 are

positioned at low-traffic tiles, for instance at (0,0). The policy network might assign high

placement probabilities, for instance, 0.95 for core (3,3), 0.92 for core (3,4), and 0.85 for

core (4,3), indicating confident spatial preferences derived from the CNN features and the RL

mapping policy.

Once the action is executed, the environment (NoC architecture) computes a set of five

performance metrics: communication cost, load imbalance, latency, energy, and temperature.

These metrics form the reward vector r, which captures multi-objective performance for the

current mapping. The vector is then passed to the reward aggregator, which combines the

metrics into a scalar reward R = w
⊤
r. The weights w are dynamically determined by the

meta-controller, which continually adjusts the importance of each objective. For example,

if the temperature increases, the meta-controller raises the thermal weight and prioritizes

thermally efficient mappings. This allows the framework to adapt reward emphasis based on

runtime conditions.

In parallel, the environment also sends operational feedback, such as changes in workload

phase, thermal state, latency spikes, or energy fluctuations, to the adaptation module. This

module contains a replay buffer that stores recent transitions, a change detector that identifies

distribution shifts or abrupt performance degradations, and a fast weight-update engine that
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applies lightweight gradient updates to selected layers of the RL–CNN network. When the

change detector signals a shift, the adaptation module performs rapid specialization by updat-

ing CNN features or policy parameters using only a few samples from the replay buffer. This

mechanism prevents performance degradation under dynamic conditions without requiring

full retraining.

Finally, the updated features and policy weights feed back into the RL–CNN policy

network, completing the learning loop. The combined effect of spatial feature extraction,

reward-driven policy optimization, dynamically weighted objectives, and rapid adaptation

enables the system to consistently place highly communicating clusters adjacently, dis-

tribute low-traffic clusters to peripheral tiles, avoid thermal hotspots, and maintain load

balance across the mesh. As a result, the RL–CNN framework-based AMORL produces

communication-aware and thermally efficient mappings, reducing hop distances, minimizing

congestion, and improving both performance and energy efficiency during DNN execution on

NoC-based accelerators.

7 Simulations

We have developed a mapping simulator implemented in Python that includes training DNNs

using multiple datasets, modeling computation and communication of NoC resources and

DNNs, and training and testing RL-CNN-based mapping solutions. The in-house-developed

mapper is configured with a maximum NoC size of 32 × 32, but during training and testing,

the actual NoC size is dynamically chosen between 4 × 4 and 32 × 32. The goal is to learn

a mapping policy that works well across different NoC configurations. This also allows the

mapper to evaluate the adaptability of the mapping solution to various NoC configurations.

The mapper uses ResNet-50, BERT-tiny, MNIST, CIFAR-10, IRIS, and Face Recognition

datasets to model DNNs. DNNs for ResNet-50, BERT-tiny, MNIST, CIFAR-10, IRIS, and

Face Recognition have 53, 8, 6, 8, 3, and 7 layers, respectively. Each DNN layer of neurons

is used as a cluster for mapping. Training episodes are configurable number of episodes with

random selection of NoC size and workload variations. Every 100 episodes, training statis-

tics (e.g., reward, loss, metrics) are printed for monitoring. The environment’s step function

returns the reward, next state, and performance metrics. The mapping performance was eval-

uated on various NoC sizes and across different training episodes using reward, loss, load

imbalance, communication cost, latency, and total energy consumption.

The mapping solution results from the in-house-developed mapper are fed to the cycle-

accurate NoC model, Garnet [19], on the gem5 [20] platform for evaluating performance.

Number of cores and routers are modified to simulate different NoC sizes. 64-core and 16-

core NoCs are simulated in gem5/Garnet for latency and throughput evaluations, as the gem5

only allows system with exponential of two for square mesh NoCs. gem5/Garnet configu-

rations for 64-core 2D Mesh NoC are shown in Table. 1. The simulation configurations for

gem5/Garnet include the following settings: instruction set architecture = ALPHA, intercon-

nect frequency = 1GHz, number of virtual networks (VN) = 3, number of virtual channels

(VC) per VN = 4, number of buffers per VC = 4, flit width = 128-bit, and XY-routing. Both

flit width and link width are set to 128 bits. Each core has a router associated with it for

communication with other cores and memory in Garnet, as assumed in the proposed mathe-

matical formulation and mapping algorithms. XY-routing algorithm [49] is used for routing
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flits between neurons mapped to nodes in 2D-Mesh NoCs. Data injection rate for the input

neurons of the first layer is defined as the number of packets input into each node per cycle.

The injection rate between DNN layers is triggered once the neuron has collected all inputs

from the previous layer. Latency and throughput of all the solutions are evaluated at different

injection rates, ranging from 0.05 to 0.1, to demonstrate the robustness of the algorithms.

Table 1: gem5 and Garnet configurations for

the 64-core NoC

Instruction Set Architecture (ISA) ALPHA

CPU Frequency 2GHz

Interconnect Frequency 1GHz

Interconnection Networks GARNET

No. of Virtual Networks(VN) 3

No. of Virtual channels(VC) per VN 4

No. of Buffers per VC 4

Network Size 8× 8 Mesh

No. of Cores 64

No. of Routers 64

No. of Cores per Router 1

Routing XY-Routing

Flit Width 128-bit

Max. Packets per Node 50000

Simulation Cycle 1000

7.1 Training Results

We evaluated AMORL, a two-level learning architecture combining a meta-controller and a

policy-gradient CNN, on the mapping of six DNN workloads derived from ResNet-50, BERT-

tiny, MNIST, CIFAR-10, IRIS, and Face Recognition over 2500 training episodes. Every 100

episodes, we recorded the raw episodic reward (the negative sum of communication distance,

load imbalance, and energy cost), the AMORL reward (obtained by combining the reward

vector using the meta-controller’s learned weights), and the policy-gradient loss.

A single AMORL model was trained jointly on all six workloads by randomly select-

ing one dataset during each training episode. Consequently, the training log reflects both

workload-specific characteristics and the additional variance introduced by interleaved multi-

task learning. Nevertheless, two consistent trends emerge throughout training. First, the

meta-controller rapidly adjusts the objective weights during the initial few hundred episodes.

Starting from its initial distribution, the learned weight vector progressively reduces the

emphasis placed on the numerically dominant energy objective while assigning greater impor-

tance to latency. Second, despite the stochastic alternation among datasets, the proposed

two-level architecture consistently exhibits the three-stage learning behavior observed pre-

viously: rapid performance improvement during early training, moderate oscillations during

intermediate training, and convergence to a stable plateau during later episodes. This behavior

is consistently observed across all six workloads, including the newly introduced ResNet-

50 and BERT-tiny benchmarks, demonstrating the generalization capability of the proposed

framework.
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Fig. 4: Reward and Loss in various NoCs for Training DNNs for All the datasets
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Fig. 5: Adaptations and Thermal Risks in various NoCs for Training DNNs for All the

datasets

Representative training episodes further illustrate the importance of objective scaling, as

shown in Figs. 4 and 5. At episode 0 (CIFAR-10 on a 19 × 19 NoC), the raw reward is

highly negative (−441,230), while the corresponding AMORL reward remains comparatively

large (−102,914). These large values are dominated by the energy objective (approximately

4.4 × 105), which is several orders of magnitude larger than the communication, load-

imbalance, latency, and thermal objectives. During training, however, the meta-controller

gradually reduces the energy weight from approximately 0.233 to 0.144–0.167 (a 28–38%
reduction) while simultaneously increasing the latency weight from approximately 0.215 to

0.290 by episode 2500 (approximately 35%). This adaptive reweighting substantially reduces

the magnitude of the AMORL reward, even though the raw reward remains dominated by the

energy objective, allowing the policy to learn meaningful trade-offs among all optimization

objectives.

The policy-gradient loss follows a similar trend. Large-magnitude losses appear during the

early stages of training for communication-intensive workloads such as CIFAR-10 and Face

Recognition (e.g.,−342,489 at episode 0 and−602,785 at episode 200), reflecting poor initial

mappings and the large gradients induced by the energy objective. The inclusion of ResNet-

50 introduces even larger optimization challenges, producing representative losses such as

−53.17 at episode 300 because of the substantially higher computational and communication
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requirements of the 53-layer network. In contrast, certain episodes, such as episode 100 for the

IRIS workload, produce very large positive losses (approximately 1.4×106), corresponding to

strong corrective updates generated by the policy-gradient algorithm. As training progresses,

the loss values gradually converge toward zero across all workloads, indicating that both the

policy network and the meta-controller have reached a stable operating point requiring only

minor policy adjustments.

The multi-workload training experiments reveal two important observations. First,

the learned meta-weights converge to a stable distribution that gradually assigns greater

importance to latency while maintaining meaningful weights for communication and load

imbalance. Rather than permanently favoring a single objective, the meta-controller learns

to balance multiple competing optimization goals dynamically. Second, adaptation events

remain non-zero throughout training and vary according to both workload and NoC con-

figuration, demonstrating that the agent continues to adapt its mapping strategy without

destabilizing the learned policy. In particular, ResNet-50 consistently requires more policy

adaptations (up to 47) than smaller workloads such as IRIS (as few as 28), reflecting the

substantially greater computational and communication complexity of the 53-layer network.

Meanwhile, the thermal-change flag is never activated during the reported experiments, indi-

cating that all evaluated mappings remain within safe thermal operating conditions. Overall,

these results demonstrate that a single AMORL model can successfully learn a unified adap-

tive mapping strategy capable of efficiently handling highly diverse workloads, ranging from

the lightweight IRIS network to the large-scale ResNet-50 model.

7.2 Testing Results

To evaluate AMORL’s ability to generalize across different DNN workloads and NoC sizes,

we trained the RL-CNN policy using the combined datasets (ResNet-50, BERT-tiny, MNIST,

CIFAR-10, IRIS, and Face Recognition) and tested each individual DNN on NoC sizes rang-

ing from 4×4 to 32×32. We measured four metrics relevant to NoC design: load imbalance,

total energy, communication cost, and max latency. These metrics cover both structural map-

ping quality (imbalance, communication distance) and runtime network behavior (energy,

latency), allowing us to verify whether AMORL can maintain high-quality mappings even in

regimes not seen during training. The results demonstrate clear patterns across datasets and

scaling trends, revealing the strengths and limits of AMORL when applied to larger network

fabrics.

7.2.1 Load Imbalance

AMORL demonstrates effective load balancing across all six DNN workloads, with load

imbalance consistently decreasing as NoC size increases, as shown in Fig. 6. For ResNet-50,

load imbalance improves from 0.264 at 8× 8 to 0.084 at 32× 32, representing a 68% reduc-

tion as additional cores provide greater flexibility for distributing the 53 layers. BERT-tiny

shows a similar trend, with load imbalance decreasing from 0.241 at 4×4 to 0.031 at 32×32,

an 87% reduction. MNIST achieves load imbalance reduction from 0.247 at 4 × 4 to 0.033

at 32× 32 (87% reduction), while CIFAR-10 improves from 0.314 to 0.044 (86% reduction).

IRIS shows load imbalance decreasing from 0.263 to 0.035 (87% reduction), and Face Recog-

nition from 0.318 to 0.044 (86% reduction). These improvements are a direct consequence of
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Fig. 6: Load Imbalance in various NoCs for Testing DNNs for six DNN workloads

AMORL’s spatial learning capabilities, the CNN component identifies underutilized regions

and distributes computational clusters accordingly, while the RL agent sequences place-

ments to avoid overloading specific cores. The consistent reduction across all workloads,

from tiny IRIS (3 clusters) to large ResNet-50 (53 clusters), confirms AMORL’s scalability

and adaptability. Notably, load imbalance values approach near-zero levels at larger meshes

(0.031–0.035 for 32 × 32), indicating near-perfect distribution of computational load across

cores. This balanced utilization is critical for preventing hotspots, maximizing throughput,

and ensuring efficient resource utilization in NoC-based DNN accelerators.

8x8 10x10 12x12 14x14 16x16 18x18 20x20 22x22 24x24 26x26 28x28 30x30 32x32

NoC Size (N  N)

0

0.2

0.4

0.6

0.8

1

1.2

C
o

m
m

u
n

ic
a

ti
o

n
 C

o
st

 (
b

y
te

s 
 h

o
p

s)

Random

SA

GA

AMORL

Fig. 7: Communication Cost Comparison among different solutions in various NoCs for Test-

ing DNNs for ResNet-50 dataset

7.2.2 Communication Cost

AMORL consistently achieves significant communication cost reductions across all six DNN

workloads and NoC sizes, substantially outperforming Random, Simulated Annealing (SA),

and Genetic Algorithm (GA) baselines, as shown in Figs. 7, 8, 9, 10, 11, and 12. The commu-

nication benefits are most pronounced for large-scale workloads such as ResNet-50, where

AMORL achieves an average communication cost reduction of 66% compared to Random,

32% compared to SA, and 24% compared to GA, with peak savings of up to 68% over

Random and 40% over SA at larger NoC sizes. For Face Recognition, AMORL reduces
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Fig. 8: Communication cost comparison among different solutions in various NoCs for Test-

ing DNNs for BERT-tiny dataset
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Fig. 9: Communication cost comparison among different solutions in various NoCs for Test-

ing DNNs for CIFAR-10 dataset
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Fig. 10: Communication cost comparison among different solutions in various NoCs for Test-

ing DNNs for Face Recognition dataset

communication cost by an average of 69% over Random, 32% over SA, and 25% over GA,

with maximum savings of 78% at 22 × 22 NoC. In CIFAR-10, AMORL achieves average

savings of 68% over Random, 28% over SA, and 25% over GA, while MNIST benefits
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Fig. 11: Communication cost comparison among different solutions in various NoCs for Test-

ing DNNs for Mnist dataset
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Fig. 12: Communication cost comparison among different solutions in various NoCs for Test-

ing DNNs for IRIS dataset

from 65%, 33%, and 26% reductions over Random, SA, and GA respectively. BERT-tiny

shows average communication savings of 58% over Random, 23% over SA, and 14% over

GA. Even for the extremely small IRIS workload, AMORL achieves 66% average reduc-

tion over Random, 41% over SA, and 27% over GA. These savings are particularly notable

as they are achieved while maintaining low mapping times, demonstrating AMORL’s abil-

ity to learn communication-aware placement policies that minimize hop distances between

communicating clusters. Across all workloads, AMORL’s communication cost remains con-

sistently lower than all three baselines, with average savings ranging from 14% to 69%
depending on the workload and NoC configuration, highlighting its robustness and adapt-

ability as a general-purpose communication-efficient mapping solution for NoC-based DNN

accelerators.

7.2.3 Energy Consumption

AMORL demonstrates consistent energy efficiency improvements across all six DNN

workloads and NoC sizes, outperforming Random, SA, and GA baselines, as shown

in Figs. 13, 14, 15, 16, 17, and 18. The energy benefits are most pronounced for
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ResNet-50 dataset
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Fig. 14: Energy comparison among different solutions in various NoCs for Testing DNNs for

BERT-tiny dataset
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Fig. 15: Energy comparison among different solutions in various NoCs for Testing DNNs for

CIFAR-10 dataset

communication-intensive workloads such as ResNet-50, where AMORL achieves an aver-

age energy reduction of 2.8% compared to SA and 3.4% compared to GA, with maximum

savings of up to 4.2% at larger NoC sizes. For Face Recognition, AMORL reduces energy
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Fig. 16: Energy comparison among different solutions in various NoCs for Testing DNNs for

Face Recognition dataset
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Fig. 17: Energy comparison among different solutions in various NoCs for Testing DNNs for

Mnist dataset
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Fig. 18: Energy comparison among different solutions in various NoCs for Testing DNNs for

IRIS dataset

consumption by an average of 5.7% over Random, 3.0% over SA, and 3.8% over GA, with

peak savings of 8.5% at 14× 14 NoC. In CIFAR-10, AMORL achieves average energy sav-

ings of 3.2% over Random, 2.1% over SA, and 1.8% over GA, while MNIST benefits from
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3.8%, 2.5%, and 2.9% reductions over Random, SA, and GA respectively. BERT-tiny shows

average energy savings of 2.9% over Random, 2.5% over SA, and 2.3% over GA. Even

for the extremely small IRIS workload, AMORL achieves 5.2% average energy reduction

over Random, 4.1% over SA, and 3.5% over GA. These savings are particularly notable as

they are achieved while maintaining comparable or improved mapping times, demonstrating

AMORL’s ability to learn energy-aware placement policies without compromising runtime

performance. The energy savings scale with NoC size, with AMORL generally perform-

ing best at moderate to large meshes where communication overhead dominates, confirming

its effectiveness in reducing both compute and communication energy through intelligent

spatial mapping. Across all workloads, AMORL’s energy consumption remains consistently

lower than all three baselines, with average savings ranging from 2.5% to 6% depending

on the workload and NoC configuration, highlighting its robustness and adaptability as a

general-purpose energy-efficient mapping solution for NoC-based DNN accelerators.

7.2.4 Maximum Latency

AMORL consistently achieves substantial maximum latency reductions across all six DNN

workloads and NoC sizes, significantly outperforming Random, SA, and GA baselines, as

shown in Figs. 19, 20, 21, 22, 23, and 24. The latency benefits are most dramatic for

BERT-tiny, where AMORL achieves an average latency reduction of 78% compared to Ran-

dom, 67% compared to SA, and 54% compared to GA, with peak savings of up to 88% at

smaller NoC sizes. For ResNet-50, AMORL reduces maximum latency by an average of 45%
over Random, 25% over SA, and 28% over GA, with maximum savings of 57% at 12 × 12
NoC. In CIFAR-10, AMORL achieves average savings of 77% over Random, 58% over

SA, and 38% over GA, while Face Recognition benefits from 71%, 45%, and 37% reduc-

tions over Random, SA, and GA respectively. MNIST shows average latency savings of 72%
over Random, 46% over SA, and 26% over GA. Even for the extremely small IRIS work-

load, AMORL achieves 73% average reduction over Random, 72% over SA, and 36% over

GA. These latency reductions are achieved while maintaining low mapping times, demon-

strating AMORL’s ability to learn placement policies that minimize critical path lengths and

congestion through intelligent spatial mapping. Across all workloads, AMORL’s maximum

latency remains consistently lower than all three baselines, with average savings ranging from

25% to 78% depending on the workload and NoC configuration, highlighting its robustness

and adaptability as a general-purpose low-latency mapping solution for NoC-based DNN

accelerators.

7.2.5 Summary of Findings

In summary, the experimental results across all four evaluation metrics demonstrate the

effectiveness and adaptability of AMORL for mapping diverse DNN workloads onto NoC

architectures of varying sizes. Load imbalance decreases monotonically as the NoC size

increases for all six workloads, reaching near-perfect distribution at larger meshes (0.031–

0.035 at a 32 × 32 NoC), confirming that AMORL effectively exploits the additional spatial

resources available in larger architectures. Communication cost consistently outperforms all

baseline methods, achieving average reductions ranging from 14% to 69%, with peak savings

exceeding 78% for the Face Recognition workload on a 22× 22 NoC.
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Fig. 19: Maximum latency Comparison among different solutions in various NoCs for Testing

DNNs for ResNet-50 dataset
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Fig. 20: Maximum latency comparison among different solutions in various NoCs for Testing

DNNs for BERT-tiny dataset

4x
4

6x
6

8x
8

10
x1

0

12
x1

2

14
x1

4

16
x1

6

18
x1

8

20
x2

0

22
x2

2

24
x2

4

26
x2

6

28
x2

8

30
x3

0

32
x3

2

NoC Size (N  N)

0

5

10

15

20

25

30

M
a

x
 L

a
te

n
cy

 (
n

s)

Random

SA

GA

AMORL

Fig. 21: Maximum latency comparison among different solutions in various NoCs for Testing

DNNs for CIFAR-10 dataset

Energy consumption remains consistently lower than that of the Random, SA, and GA

baselines, with average savings ranging from 2.5% to 6%, demonstrating that the proposed

multi-objective optimization framework successfully improves energy efficiency without
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Fig. 22: Maximum latency comparison among different solutions in various NoCs for Testing

DNNs for Face Recognition dataset
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Fig. 23: Maximum latency comparison among different solutions in various NoCs for Testing

DNNs for Mnist dataset
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Fig. 24: Maximum latency comparison among different solutions in various NoCs for Testing

DNNs for IRIS dataset

degrading the remaining optimization objectives. Maximum latency exhibits the most signif-

icant improvements, with average reductions ranging from 25% to 78%, and peak savings of

up to 88% for the BERT-tiny workload on smaller NoC configurations.
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Across all evaluated workloads, AMORL consistently outperforms the Random, SA,

and GA mapping algorithms. The largest improvements are observed for communication-

intensive workloads, such as ResNet-50 and Face Recognition, as well as Transformer-based

models such as BERT-tiny, where the proposed spatial learning mechanism and adaptive

objective weighting provide the greatest benefit. Overall, these results demonstrate that

AMORL is a robust and general-purpose mapping framework capable of jointly optimizing

communication cost, energy consumption, latency, and load imbalance across a wide range of

DNN architectures, from the lightweight IRIS network to the large-scale ResNet-50 model.

7.3 AMORL Framework Component-wise Comparison Study

Discussion

We conducted a comprehensive component-wise comparison to understand the contribution

of each major module in the proposed RL-CNN–based AMORL framework. The evaluation

spans NoC sizes from 4 × 4 to 32 × 32 and considers five metrics: communication cost

(bytes × hops), total energy consumption, maximum latency, load imbalance, and overall

reward. Due to space limitations, we present detailed results only for the CIFAR10-based

DNN, which is particularly suitable for stress-testing the system because of its large number

of clusters and high communication intensity.
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Fig. 25: Load imbalance comparison between AMORL and the four ablated variants across

different NoC sizes for CIFAR10-based DNN

First, load imbalance remains exactly identical across all ablation configurations, as

shown in Fig. 25. This indicates that, for CIFAR10, the mapping pattern produced by the pol-

icy does not shift cluster placement in a way that meaningfully changes per-core workload

distribution. In effect, all variants, AMORL baseline, No Meta, No CNN, No Adaptation,

and Single Objective, generate the same load distribution pattern, decreasing from 0.3142 at

4×4 to 0.0444 at 32×32. This behavior strongly suggests that the load-imbalance component

of the environment is either (i) dominated by the static structure of the CIFAR10 workload

graph, or (ii) computed in a way that is not sensitive to the changes introduced by the ablation

flags. As we will see later, this same logic explains why the No Adaptation variant produces

AMORL baseline-identical results.
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Fig. 26: Communication cost comparison between AMORL and the four ablated variants

across different NoC sizes for CIFAR10-based DNN

In contrast, communication cost shows significant differences across ablations, as shown

in Fig. 26. The No Meta variant increases communication cost dramatically, with values rang-

ing from 713,691 to 6,911,860 bytes × hops, up to 690% higher than AMORL on larger

meshes. The No CNN and No Adaptation variants produce identical results (due to the adap-

tation mechanism not being triggered), ranging from 589,456 to 4,811,660 bytes × hops,
which are consistently 1.5× to 4× higher than AMORL. The Single Objective variant shows

the worst performance, reaching up to 6,117,770 bytes×hops, confirming that collapsing the

multi-objective structure severely degrades communication efficiency. These results confirm

that the meta-controller plays a critical role in reducing communication cost by dynamically

weighting objectives, while the CNN contributes to spatial locality-aware placement.
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Fig. 27: Max latency comparison between AMORL and the four ablated variants across dif-

ferent NoC sizes for CIFAR10-based DNN

Latency shows even more pronounced deviation, as shown in Fig. 27. The No Meta

variant produces dramatic increases, with latency rising from 3.0 ns to 28.9 ns, up to 6.7×
higher than AMORL across the NoC sizes. The No CNN and No Adaptation variants again

produce identical results, ranging from 3.0 ns to 23.1 ns, confirming that the adaptation

mechanism is not triggered under static conditions. The Single Objective variant exhibits

substantial fluctuations (4.24 ns to 26.9 ns), indicating unstable behavior when the policy is
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trained without multi-objective structure. These results highlight the meta-controller’s impor-

tance in dynamically balancing latency-sensitive objectives, particularly on larger meshes

where communication distances dominate critical paths.
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Fig. 28: Energy consumption comparison between AMORL and the four ablated variants

across different NoC sizes for CIFAR10-based DNN

Total energy consumption shows noticeable differences across ablations, as shown in

Fig. 28. The No Meta variant increases total energy consumption from 44.8µJ to 51.0µJ
across the NoC sizes, representing up to 13% higher energy than AMORL on larger meshes.

The No CNN and No Adaptation variants produce identical results (ranging from 44.7µJ to

48.9µJ), which are consistently 2–5µJ higher than AMORL, confirming that the CNN’s spa-

tial awareness contributes to communication energy reduction. The Single Objective variant

exhibits the most erratic behaviour, with energy consumption reaching up to 50.2µJ at larger

meshes, demonstrating that a single-objective approach fails to maintain energy efficiency

when the communication patterns become more complex. These results indicate that while

the meta-controller provides the most significant energy savings by dynamically weight-

ing the energy objective, the CNN also plays a meaningful role by enabling locality-aware

placements that reduce communication energy. Importantly, all ablations converge to similar

energy levels on smaller meshes (4×4 to 8×8), where communication distances are inherently

short and compute energy dominates; the energy benefits of AMORL become more pro-

nounced as the NoC size increases and communication distances grow. This behaviour aligns

with the latency and communication cost trends, confirming that AMORL’s multi-objective

design is particularly effective for larger NoC configurations where communication overhead

is the primary bottleneck.

The combined AMORL reward metric shows clear and consistent degradation when

removing the meta-controller, as shown in Fig. 29. Reward reductions range from 5–30%
across most sizes and rise above 60% at the largest meshes. Removing the CNN occasionally

causes moderate improvements or degradations, but the changes are much smaller relative

to No Meta. Single objective RL yields the most drastic reductions in reward, often 70–90%
below baseline, highlighting that collapsing AMORL’s multi-objective structure destroys its

ability to maintain balanced performance. Again, No Adaptation preserves the exact same

score as baseline, confirming that the adaptation mechanism is not being activated under static

test conditions.
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Fig. 29: Reward comparison between AMORL and the four ablated variants across different

NoC sizes for CIFAR10-based DNN

In summary, the ablation study demonstrates that the meta-controller is the most critical

component for achieving low communication cost and latency, while the CNN contributes to

spatial awareness that becomes more valuable on larger meshes. The single-objective variant

consistently performs worst across all metrics, validating AMORL’s multi-objective design.

The adaptation mechanism, while essential for dynamic workloads, does not affect static

mappings, explaining why No Adaptation produces identical results to the baseline.

7.4 Real Platform Testing Results

To evaluate the quality of the mappings generated by the AMORL framework, we con-

ducted cycle-accurate NoC simulations using the gem5/Garnet interconnection network while

sweeping the injection rate from 0.05 to 0.50 flits/node/cycle. Latency was measured in

nanoseconds (ns) and throughput in Gbps. The experiments were performed on both 4 × 4
and 8× 8 mesh topologies using six representative DNN workloads: ResNet-50, BERT-tiny,

MNIST, CIFAR-10, IRIS, and Face Recognition. The results exhibit consistent trends that

demonstrate how AMORL’s mapping decisions behave under different traffic conditions and

different NoC sizes.

On the 4 × 4 NoC, latency remains stable at low injection rates (0.05–0.15), where

all workloads exhibit latencies in the narrow range of 15–19 ns, as shown in Fig. 30. This

behavior indicates that AMORL’s mapping successfully minimizes hop count and spreads

communication load evenly across the network under light traffic conditions. BERT-tiny and

IRIS maintain remarkably stable latencies up to 0.25 injection, with BERT-tiny reaching

28.97 ns and IRIS only 18.58 ns at 0.25, reflecting their modest communication demands.

As the injection rate increases to the moderate range (0.20–0.30), latency begins to increase

noticeably, particularly for communication-intensive workloads, such as CIFAR-10, and Face

Recognition. For example, CIFAR-10 latency rises from approximately 23.36 ns at 0.20 injec-

tion to over 76.05 ns by an injection rate of 0.30, while Face Recognition shows a similar

increase from roughly 23.20 ns to 62.85 ns in the same range. MNIST demonstrates moderate

sensitivity, rising from 20.19 ns at 0.20 to 43.29 ns at 0.30. IRIS workload, which produces

far fewer flits due to its small cluster sizes and minimal inter-cluster communication, remains

comparatively stable up to 0.35 injection, reaching only 77.29 ns at 0.50. At higher traffic lev-

els (0.35–0.50), the 4×4 NoC becomes heavily congested, causing a sharp rise in latency for
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all workloads. Latency grows to over 100 ns for MNIST and exceeds 130 ns for CIFAR-10

and Face Recognition by 0.50 injection. These results reflect the classic saturation behavior

of small mesh networks: once buffers and links reach their utilization limits, queuing delays

dominate.
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Fig. 30: Latency for running DNNs in 16-core NoCs in Garnet for five DNN workloads.

Resnet DNN was not included as it could not be mapped to 4× 4 NoCs
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Fig. 31: Throughput for running DNNs in 16-core NoCs in Garnet for five DNN workloads.

Resnet DNN was not included as it could not be mapped to 4× 4 NoCs.

Throughput on the 4 × 4 NoC increases almost linearly at low injection rates and main-

tains high efficiency until the network nears saturation, as shown in Fig. 31. For instance,

CIFAR-10 throughput rises steadily from 153.34Gbps at 0.05 injection to over 593.15Gbps
at 0.20 injection, eventually reaching a peak near 876.93Gbps at 0.50 injection, a conse-

quence of its larger communication volume leading to more active links. BERT-tiny achieves

a remarkable peak of 876.67Gbps at saturation, demonstrating excellent network utilization

despite its modest communication demands. MNIST reaches approximately 627.20Gbps,
while Face Recognition peaks at 746.88Gbps. IRIS, by contrast, reaches only 246.53Gbps
at saturation, consistent with its minimal communication demands. The gradual flattening

of throughput curves across all workloads beyond injection rates of 0.35 indicates that the
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Fig. 32: Latency for running DNNs in 64-core NoCs in Garnet for six DNN workloads.
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Fig. 33: Throughput for running DNNs in 64-core NoCs in Garnet for six DNN workloads.

network has reached its bandwidth ceiling, and additional injected traffic results in queuing

rather than increased delivered throughput.

The behavior of the 8×8 NoC reveals the impact of larger network diameter and increased

routing resources. Latency at low injection rates again follows a predictable pattern, but val-

ues are higher than those in the 4 × 4 mesh due to longer average path lengths, as shown in

Fig. 32. ResNet-50, which could not fit on the 4 × 4 NoC, shows increasing latencies from

28.01 ns at 0.05 injection to 67.01 ns at 0.10, eventually reaching 265.31 ns at 0.50, reflecting

its massive communication footprint. BERT-tiny begins at 19.58 ns and rises more gradu-

ally, reaching 111.95 ns at saturation. MNIST and CIFAR-10 show latencies from 25.41 ns
and 18.81 ns at 0.05, respectively, to 120.70 ns and 135.44 ns at 0.50. Face Recognition, the

most communication-intensive workload among the smaller DNNs, exhibits latencies from

26.16 ns at 0.05 to 146.81 ns at 0.50. IRIS shows the highest baseline latency (around 40 ns
at 0.05), largely because its AMORL mappings distribute its small clusters more widely

across the mesh, but it maintains reasonable latency until higher injection rates. As injec-

tion increases, latency escalates more gradually than in the 4 × 4 mesh, reflecting the larger

bisection bandwidth and greater path diversity of the 8 × 8 topology. For moderate injection

levels (0.20–0.30), latencies range from 25–48 ns for lighter workloads to 140–195 ns for

ResNet-50. Once the injection rate reaches 0.35–0.40, the 8×8 NoC approaches its saturation
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point, causing latency to rise more sharply for heavier workloads, with ResNet-50 exceeding

250 ns and Face Recognition reaching 146 ns at 0.50 injection.

Throughput results on the 8 × 8 NoC similarly show linear growth at low injection rates

and saturation at high injection rates, as shown in Fig. 33. ResNet-50, benefiting from the

larger mesh, achieves a peak throughput of over 2.77Tbps, significantly higher than any

workload on the 4 × 4 NoC. BERT-tiny reaches 871.17Gbps, while CIFAR-10 and Face

Recognition achieve 751.87Gbps and 740.10Gbps, respectively. MNIST saturates around

616.32Gbps, and IRIS reaches approximately 241.02Gbps. Compared to the 4×4 network,

the 8 × 8 mesh demonstrates substantially higher throughput at the same injection level, as

expected from its larger number of links and improved parallelization capacity. The through-

put curves maintain linearity up to about 0.30 injection rate before gradually flattening and

stabilizing as injection approaches 0.50.

Overall, the gem5/Garnet latency and throughput profiles align closely with expecta-

tions derived from AMORL’s analytical multi-objective modeling. The results confirm that

AMORL’s mapping policies produce balanced traffic distributions under light load, maintain

efficient network utilization under moderate load, and exhibit predictable saturation behavior

under heavy traffic. Larger workloads such as ResNet-50, CIFAR-10, and Face Recognition

generate both higher throughput and higher congestion-induced latency, while lightweight

workloads such as IRIS and BERT-tiny remain stable across a wider range of injection rates.

The comparison between 4× 4 and 8× 8 networks further highlights the impact of topology

size on latency and throughput scaling, consistent with NoC theory. Altogether, these results

demonstrate that the RL–CNN-based mapping generated by AMORL behaves as expected

when evaluated within a cycle-accurate interconnection network simulator, validating both

the correctness and robustness of the proposed mapping framework.

8 Conclusions

We have presented AMORL, a unified RL–CNN framework for mapping DNNs onto NoCs.

By combining a CNN that recognizes spatial communication patterns with an RL policy that

adjusts neuron-to-core mapping decisions over time, AMORL jointly optimizes communica-

tion distance, load imbalance, energy consumption, and thermal safety, without requiring any

changes to the underlying DNN training routines. Our experimental results across six bench-

marks (ResNet-50, BERT-tiny, MNIST, CIFAR-10, IRIS, and Face Recognition) and NoC

meshes from 4 × 4 to 32 × 32 demonstrate rapid early gains in mapping quality: the meta-

controller quickly learns sensible multi-objective weightings, and the policy-gradient loss

decays to near zero by episode 600, indicating stable, high-quality mappings. During training,

AMORL also exhibits strong adaptive capability. The change detector and adaptation module

react to abrupt workload shifts, triggering fast specialization updates without destabilizing the

base policy. Thermal-risk monitoring confirms that the learned policies maintain safe temper-

ature profiles across NoC sizes, and adaptation traces show that the policy continues to refine

its mappings in response to phase changes, batch-size variation, and workload heterogene-

ity. The CNN’s spatial mapping component consistently highlights emerging communication

hotspots, enabling the RL agent to refine placement decisions as training progresses. At test

time, AMORL consistently improves mapping quality across all datasets and NoC sizes. The

framework reduces load imbalance by up to 86% as the NoC scales, reduces communication
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cost by over 70%, and reduces maximum latency by more than 50% compared to ablated

variants, while maintaining energy-efficient operation. Total energy remains well-controlled

despite the naturally larger hop distances in wider meshes, and communication cost, latency,

and thermal behavior remain aligned with the multi-objective goals learned during training.

We further validated AMORL using cycle-accurate gem5/Garnet simulations, showing that

the mappings generated by AMORL sustain low-latency, high-throughput operation under

a wide range of injection rates. The 4 × 4 NoC sustains throughput up to 876 Gbps, while

the 8 × 8 NoC achieves over 2.77Tbps, confirming the framework’s robustness under real-

istic traffic conditions. These results confirm that the learned policies generalize beyond the

training environment and maintain efficiency in full-system network simulations. By dynami-

cally adapting to workload changes, the AMORL framework generalizes across diverse DNN

types, from lightweight IRIS to compute-intensive ResNet-50, and NoC dimensions. Overall,

AMORL delivers a practical, energy-efficient, and thermally safe mapping solution for mod-

ern many-core accelerators, supporting both inference and training workloads in dynamic,

multi-model environments.
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