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Abstract—Heterogeneous AI accelerators that combine high-
precision digital cores with energy-efficient analog in-memory
computing (AIMC) units offer a promising path to overcome
the energy and scalability limits of deep learning. A key chal-
lenge, however, is to determine which neural network layers
can be executed on noisy analog units without compromising
accuracy. Existing mapping strategies rely on ad-hoc heuris-
tics and lack principled noise-sensitivity estimation. We propose
HILAL (Hessian-Informed Layer Allocation), a framework that
systematically quantifies layer robustness to analog noise using two
complementary metrics: Hessian-based Noise Impact and Spectral
Concentration Ratio. Layers are partitioned into robust and
sensitive groups via clustering, enabling threshold-free mapping
to analog or digital units. To further mitigate accuracy loss, we
gradually offload layers to AIMC while retraining with noise-
injection. Experiments on convolutional networks and transform-
ers across CIFAR-10/100, ImageNet and SQuAD show that HILAL
is on average 3.09x faster in search and mapping runtime than
SOTA methods while achieving less accuracy degradation and
maximizing analog utilization.

Index Terms—analog in-memory computing, neural network
mapping, heterogeneous accelerators, noise robustness

I. INTRODUCTION

The growing demand for scaling Deep Neural Network

(DNN) inference has pushed the limits of conventional digital

accelerators. While digital processing units (DPUs) provide

high precision and programmability, their energy efficiency

is fundamentally constrained by frequent data movement be-

tween memory and compute [1]. Analog in-memory computing

(AIMC) has recently emerged as a promising alternative that

directly performs matrix–vector multiplications in memory ar-

rays, offering orders-of-magnitude improvements in throughput

and energy efficiency [2], [3]. However, AIMC units suffer from

limited precision, device variability, and noise, which makes

them unsuitable for executing neural networks without accuracy

drop [4], [5].

Heterogeneous accelerators combine the strengths of both

domains by tightly integrating digital cores with analog AIMC

tiles [6]–[9]. A high-level depiction of such architectures is

shown in Fig. 1a. The digital units provide accuracy and

robustness for sensitive operations, while the analog units
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Fig. 1. (a) Generic heterogeneous accelerator architecture composed of digital
processing units (DPUs) and analog in-memory computing (AIMC) tiles
connected via an on-chip SRAM buffer. (b) Example mapping of a hybrid
Conv–Attention network. Robust layers (e.g., convolution, feed-forward) are
assigned to AIMC, while sensitive layers (e.g., attention projections, classifier)
are executed on DPUs.

accelerate large linear computations with high efficiency. This

heterogeneous design has emerged as a compelling path to

break the energy bottleneck of AI inference systems, provided

that layers can be mapped appropriately to the two compute

domains.

A key challenge in this context is layer allocation: deciding

which network layers are robust enough to be executed on

noisy AIMC tiles and which layers require the precision of

digital units. Existing methods lack a principled way to quantify

robustness. Many adopt simplistic rules, such as mapping the

first and last layers to digital and the rest to analog, assuming

these layers are the most sensitive [6]. Others rely on heuristics

that demand extensive retraining or empirical experimentation,

which is time-consuming and does not generalize across archi-



tectures and datasets [10]–[12]. As illustrated in Fig. 1b, such

assumptions are overly rigid: convolutional and feed-forward

layers may often be robust enough for AIMC execution,

whereas attention projections and classifiers typically require

digital precision. A principled allocation strategy must therefore

go beyond static heuristics and capture the true noise sensitivity

of each layer.

Motivated by these limitations, we introduce HILAL
(Hessian-Informed Layer Allocation), a framework that lever-

ages second-order sensitivity analysis to guide layer mapping in

heterogeneous accelerators. At its core, HILAL defines a new

robustness signal called Hessian-based Noise Impact (HNI),
which estimates how much accuracy would degrade if a layer

were executed on AIMC units. To complement this, HILAL

also measures each layer’s spectral concentration, which re-

flects how strongly the layer amplifies small structured errors.

Using these two signals, HILAL clusters layers into robust and

sensitive groups, and derives hybrid mappings that maximize

AIMC utilization without relying on hand-tuned thresholds or

expensive retraining.

The main contributions of this work are as follows:

• We propose HILAL1 , the first Hessian-based frame-

work for principled layer allocation in heterogeneous

analog–digital accelerators, offering a hardware-agnostic

way to quantify layer robustness to non-idealities.

• We introduce a clustering-based allocation strategy that

separates robust and sensitive layers without ad hoc thresh-

olds, enabling balanced mappings that preserve accuracy

while maximizing analog utilization.

• We design a progressive hardware-aware retraining sched-

ule that gradually offloads layers to AIMC, mitigating

accuracy loss from noise.

• We evaluate HILAL on CNNs (AlexNet, VGG-16,

ResNet) and Transformers (ViT, MobileBERT) across

CIFAR-10/100, ImageNet and SQuAD, achieving up to

60% analog utilization with under 3% accuracy loss.

II. RELATED WORKS

Mapping strategies for heterogeneous analog–digital infer-

ence have been explored in only a few works, and existing

approaches can be broadly categorized into channel-wise and

layer-wise methods. Channel-wise schemes decide, for each

convolutional channel (or group of channels), whether to exe-

cute it on analog or digital resources; layer-wise schemes assign

entire layers at a time. The choice of granularity has significant

implications for complexity, communication, and how well the

mapping reflects true robustness.

Channel-wise methods (e.g., Harmonica [12] and ODiMO
[11]) primarily target convolutions by selecting the most sensi-

tive channels for digital computation and offloading the rest to

analog cores. While this fine granularity can improve fidelity,

it fragments the computation and introduces overheads that

are rarely modeled in full: activations and partial sums must

be routed across units, mixed-precision accumulation becomes

1The full code of our methodology is available:
https://github.com/anissbslh/HILAL

necessary, and additional ADC/DAC conversions arise when

different channels use different precisions and compute do-

mains. In practice, these communication and conversion costs

complicate deployment and can erode the nominal efficiency

benefits that motivate heterogeneous execution in the first place.

Layer-wise methods, in contrast, operate at the granularity

of entire layers. A representative example is LionHeart [10],

which explores the mapping space using heuristics (e.g., MAC-

based ranking) and validates candidates via hardware-aware

retraining against a user-defined accuracy target. Although

effective, this strategy requires time-consuming training for a

high number of candidate mappings and hinges on external

thresholds, making it difficult to disentangle true noise ro-

bustness from exploration artifacts. Our work is also layer-

wise but departs from these heuristics: rather than searching

through many candidates, we aim to predict robust versus

sensitive layers from the outset using principled sensitivity

metrics. Importantly, we do not attempt to optimize efficiency

in this paper; we assume a capable heterogeneous accelerator

and focus on deriving mappings that fully exploit it while

maintaining accuracy.

Finally, our approach is inspired by curvature-informed quan-

tization. HAWQ [13], [14] demonstrated that the Hessian’s

spectral properties are effective signals for per-layer precision

selection, enabling robust mixed-precision assignments with

minimal tuning . We adapt this insight to the analog–digital

mapping problem: HILAL computes Hessian-informed de-

scriptors tailored to analog noise (e.g., parameter-normalized

expected loss increase and spectral concentration) and uses

them to partition layers into robust and sensitive groups. This

yields a threshold-free, theoretically grounded layer allocation

that avoids channel-wise fragmentation and the heavy retraining

loops characteristic of heuristic search.

We target architecture-agnostic mapping for heterogeneous

analog–digital inference. Because we do not assume a specific

AIMC substrate or micro-architecture, we evaluate HILAL on

accuracy preservation vs. analog utilization under calibrated

analog-noise models, and on mapping stability and overheads.

This isolates the contribution of the allocation methodology

from implementation-dependent performance numbers.

III. METHODOLOGY

We present HILAL, a framework that transforms a

floating-point pretrained model into a mapped, analog-aware

model with minimal accuracy degradation. A high-level

overview is shown in Fig. 2. HILAL operates in three stages:

(1) Per-layer sensitivity metrics computation, where we

construct robustness descriptors for each candidate layer; (2)

Sensitivity-based clustering, which partitions layers into

analog-robust and digital-sensitive groups to derive a binary

mapping; (3) Layer-wise Analog Fine-Tuning (LAFT), a

gradual offloading procedure in which analog-robust layers are

sequentially mapped to AIMC units and fine-tuned with noise

injection to preserve accuracy.

1) Per-layer sensitivity metrics computation
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Fig. 2. Overview of the proposed Hessian-based mapping framework. Starting from a pretrained network, we compute per-layer descriptors from Hessian
statistics and hardware noise parameters, cluster layers into robust and sensitive groups via k-means, and progressively map robust layers to analog units while
performing hardware-aware retraining until convergence..

HILAL begins by assigning each mappable layer (i.e., convolu-

tion, fully connected, and projection layers) a two-dimensional

robustness descriptor. The first axis, the Hessian-based Noise
Impact (HNI), quantifies the expected loss increase under

analog noise by leveraging second-order curvature information

of the loss landscape. This provides a principled estimate of

how sensitive each layer is to noise injection. The second

axis is the spectral concentration ratio (SCR), defined as

the ratio between the largest Hessian eigenvalue and the trace.

A high ratio indicates that curvature is dominated by a single

direction, making the layer more vulnerable to noise. Prior work

such as HAWQ [13], [14] has demonstrated the importance

of analyzing the Hessian Eigenspectrum for identifying fragile

layers. Together, these two axes yield a compact yet informative

representation of per-layer robustness to analog noise.

Definition 1 (Hessian-based Noise Impact). Let L(w) denote

the training loss and wl ∈ R
dl the parameter vector of layer l.

Suppose analog device imperfections induce a noise

w′
l = wl+ΔWl, ΔWl = γweight ·max(|Wl|)·τ, τ ∼ N (0, I),

with scale γweight and dimension dl = |Wl|. The Hessian-based
Noise Impact (HNI) of layer l is defined as

HNIl :=
σ2
l

2 dl
Tr(Hl), σ2

l =
(
γweight ·max(|Wl|)

)2
,

where Hl = ∇2
wl
L is the layer Hessian.

Proposition 1. HNIl equals the expected per-parameter loss

increase under Gaussian weight noise, up to second-order

approximation.

Proof. Applying a second-order Taylor expansion around wl

yields

L(wl +ΔWl) ≈ L(wl) +∇L(wl)
�ΔWl +

1
2ΔW�

l HlΔWl.

At a local minimizer, ∇L(wl) ≈ 0, so the expected increase in

loss is

E[ΔL] ≈ 1
2 E

[
ΔW�

l HlΔWl

]
.

Since ΔWl ∼ N (0, σ2
l I), E[ΔW�

l HlΔWl] = σ2
l Tr(Hl).

Hence

E[ΔL] ≈ σ2
l

2 Tr(Hl).

Fig. 3. HNI correlates with robustness. (a) HNI across ResNet-20 layers
spans orders of magnitude. (b) When only one layer runs on analog, high-HNI
layers drop accuracy by up to 6 points, while low-HNI layers stay near the
91.5% baseline.

Normalizing by dl prevents bias toward larger layers, giving

HNIl =
1

dl
E[ΔL],

as claimed.

Fig. 3 demonstrates the practical relevance of HNI on

ResNet-20 (CIFAR-10). As shown in Fig. 3a, HNI varies by

several orders of magnitude across layers, indicating large

heterogeneity in noise sensitivity. Fig. 3b shows validation

accuracy when only one layer is mapped to analog and fine-

tuned. High-HNI layers lead to significant accuracy loss (up to

5–6 percentage points), while low-HNI layers remain within 1

point of the baseline (91.5%). This directly validates HNI: it

reliably predicts which layers are fragile to analog noise and

should remain digital.

Definition 2 (Spectral Concentration Ratio). For a layer l
with Hessian Hl ∈ R

dl×dl , let λmax(Hl) denote its largest



eigenvalue and Tr(Hl) the trace. The SCR is defined as

SCRl :=
λmax(Hl)

Tr(Hl)
.

Intuition. SCRl quantifies how concentrated the curvature is

along the most sensitive direction of the loss landscape. A

high ratio indicates that a single eigen-direction dominates.

HAWQ [13], [14] demonstrated the utility of the Hessian’s

Eigenvalues for identifying fragile layers in quantization; we

extend its use to the analog-noise robustness setting. We form

the per-layer descriptor

vl =
[
HNIl, SCRl

]
,

To ensure comparability across layers within the same network,

each feature dimension is standardized using z-score normal-

ization prior to clustering.

Efficient and accurate estimation of Tr(Hl) and λmax(Hl)
is critical. For the trace, we adopt Hutchinson’s stochastic

estimator with Rademacher probe vectors [15], which yields an

unbiased estimate with variance controlled by the number of

probes; in practice, m = 10 strikes a favorable balance between

accuracy and cost. For the dominant eigenvalue, we employ

the Power Iteration method initialized with a random vector

[16]. A modest number of iterations (e.g., 20 steps) suffices

to approximate λmax reliably. Both estimators rely only on

Hessian–vector products [17], which are obtained via automatic

differentiation in PyTorch [18], avoiding explicit construction

of the Hessian.

2) Sensitivity-based clustering
Given the two-dimensional descriptors, we partition the set of

mappable layers using k-means [19] with k = 2. The cluster

whose centroid has the larger HNI value—and typically also

a larger SCR—is labeled as sensitive and assigned to digital

execution, while the complementary cluster is labeled robust
and mapped to analog units.

A common alternative in the literature is to apply user-

defined thresholds on sensitivity scores. However, such thresh-

olds are problematic in our setting: (i) the optimal cutoff can

vary significantly across layers due to differences in scale

and function, and (ii) there is no established ground truth for

thresholding metrics such as HNI or SCR. Clustering instead

adapts automatically to the score distribution of each model,

eliminating the need for manual calibration while maintaining

interpretability.

To address the sensitivity of k-means to random initializa-

tion, we run the algorithm with multiple restarts and retain

the solution with the lowest inertia, defined as the within-

cluster sum of squared distances from each point to its assigned

centroid. This criterion selects the partition that best captures

the natural grouping of the descriptors. In addition, we validate

the stability of the resulting analog/digital mapping across

different runs in our ablation studies.

3) Layer-wise Analog Fine-Tuning (LAFT)
Mapping all analog-assigned layers at once often causes a sharp

accuracy drop. A single fine-tuning stage struggles to recover

from this. To mitigate this, we propose Layer-wise Analog
Fine-Tuning (LAFT), a staged schedule where analog-robust

Algorithm 1: Layer-wise Analog Fine-Tuning (LAFT)

Input: Pretrained FP model M; analog-assigned layer

set A from clustering; ordering π over A by

increasing HNI; noise model N (·); stage epochs

E; batch size B; optimizer O; early-stop

patience P
Output: Analog-aware model M�

Initialize M0 ← M (all layers FP, no noise)

Initialize mapped set S ← ∅
for t = 1 to |A| do

l ← π(t) // Next most-robust layer
S ← S ∪ {l} // Cumulative mapping
Enable noise injection for layers in S
Reset stage-best validation and patience counter

for e = 1 to E do
for each mini-batch (x, y) of size B do

Forward: compute ŷ = ForwardMt
(x)

where

for j ∈ S , apply noise injection via

w′
j = wj +ΔWj , ΔWj ∼ N (·)

Compute loss L(ŷ, y)
Backward: gradients via autodiff

(reparameterizing through noise)

Update parameters with optimizer O
end
Evaluate on validation set; update stage-best

metric

if no improvement for P epochs then
break

end
Optionally decay learning rate

end
end
Return M� ← M|A|

layers are introduced gradually. Specifically, we sort the analog-

assigned layers by increasing HNI (most robust first) and then,

at each stage, offload the next layer to analog, enable noise

injection for that layer during forward passes, and fine-tune

the model for a small number of epochs. Each stage stops

early if validation accuracy does not improve for P epochs.

This progressive exposure limits the noise magnitude per step,

giving gradients the opportunity to compensate locally for the

newly introduced noise. As shown in Algorithm 1, the set of

analog layers grows cumulatively until all robust layers have

been mapped. Empirically, LAFT consistently yields higher

final accuracy at comparable analog utilization than one-shot

mapping with a monolithic retrain. This observation aligns

with prior findings that staged adaptation improves resilience

in AIMC training pipelines [10], [20].

LAFT always begins from a high-accuracy FP checkpoint

rather than an analog-trained model. This design ensures (i)

isolation of allocation effects, since performance changes can

be attributed directly to mapping decisions rather than noisy op-

timization dynamics; (ii) stability and efficiency, as pretrained
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Fig. 4. Evaluation of HILAL (highlighted in yellow) across CIFAR-10/100 CNNs, ImageNet (ResNet-50/ViT), and SQuAD v1.1 (MobileBERT). Top row:
task performance (test accuracy for CIFAR-10/100 and ImageNet; F1 score for SQuAD). Bottom row: analog utilization, reported as the MAC ratio. Solid
bars correspond to CIFAR-10; hatched bars to CIFAR-100. Baselines include Full Digital, Full Analog, and variants using only HNI, SCR, or single Hessian
statistics. HILAL consistently balances high performance with high analog utilization.

FP models converge rapidly with small fine-tuning adjustments,

while analog-from-scratch training is slower and less stable;

(iii) fairness to baselines, which also assume FP starts; and

(iv) architecture-agnostic generality, since analog-from-scratch

would risk overfitting to a specific noise instantiation.

IV. RESULTS AND COMPARISON

A. Experimental Setup

We evaluate HILAL on vision and NLP tasks: CIFAR-

10/100 with AlexNet [21], VGG-16 [22], ResNet-8/20 [23]; Im-

ageNet with ResNet-50 (and ViT-B/16 for completeness) [24],

[25]; and SQuAD v1.1 with MobileBERT [26], [27]. For

CIFAR/ImageNet, we split the original training set into 90%

train / 10% val; for SQuAD, we use the official dev set; test

sets are used only for final reporting.

All runs use a V100-based cluster. CNNs train for 200

epochs; MobileBERT for 3. Optimization is SGD with mo-

mentum and cross-entropy. On CIFAR/ImageNet we use co-

sine LR (Tmax=200, batch 256); on SQuAD we use a lin-

ear LR (Tmax=3, batch 8). Digital training uses LR= 0.01
(CIFAR/ImageNet) and 0.05 (SQuAD), momentum 0.85/0.99,

weight decay 0/0.0005. For analog HWA retraining [20], [28],

we initialize from digital weights and simulate non-idealities

with AIHWKIT [29] (PCMLikeNoiseModel): digital biases,

256×256 tiles with even layer splitting, and additive Gaussian

noise (σ=0.08) during training. Analog LR is 0.001 (CI-

FAR) and 0.02 (SQuAD), momentum 0.85/0.9, weight decay

0/0.003. Results are averaged over 20 independent runs to

account for device stochasticity; we report 1-day accuracy to

capture PCM drift effects [30].

B. General Results

Fig. 4 presents the performance of CNN architectures under

HILAL and its variants. We report both the 1-day test accuracy

and the achieved MAC ratio on CIFAR-10 and CIFAR-100.

As expected, the Full Digital mapping provides the highest

accuracy across all models, but at the cost of efficiency, with

0% MAC ratios. Conversely, the Full Analog mapping achieves

the maximum MAC ratios, but accuracy collapses (dropping

below 70% in most cases, and down to ∼60% on VGG-16

with CIFAR-100) due to noise accumulation.

HILAL achieves a favorable trade-off in most cases. For in-

stance, on CIFAR-10 with VGG-16, HILAL maintains accuracy

above 95%, reducing the degradation relative to Full Digital

to less than 2 percentage points, while still reaching a MAC

ratio of about 85%. On ResNet-20 with CIFAR-100, HILAL

recovers nearly 10 percentage points in accuracy compared to

Full Analog, while sustaining a MAC ratio above 80%.

To further evaluate generality, we extended our experiments

to large-scale models as shown in Fig. 4. With Full Digital

mapping, both models achieve their expected baseline accuracy

(∼76% for ResNet-50 and ∼82% for ViT-B/16), but with neg-

ligible MAC ratio. Full Analog execution again delivers very

high efficiency, but accuracy drops by more than 10 percentage

points. In contrast, HILAL limits accuracy degradation to under

2–3 points (e.g., 74% for ResNet-50 and 79% for ViT-B/16)

while still securing MAC ratios in the range of 65–70%. This

confirms that our method scales effectively to large-scale vision

models and outperforms variants that plateaued around 65–72%

accuracy or used less than 70% analog compute.

On MobileBERT with SQuAD, Full Digital obtained an F1

score of 90.3 with negligible MAC ratio, while Full Analog

dropped to 78.0. HILAL preserved most of the accuracy while

enabling a 75% MAC ratio, achieving the best balance between

accuracy and efficiency.

Overall, the results demonstrate that HILAL is not limited

to CNNs or vision tasks. It generalizes to modern architectures

such as transformers and language models, consistently achiev-

ing high efficiency without substantial accuracy loss.

C. Comparison with mapping optimization methods

We compare HILAL to LionHEART [10], ODiMo [11],

Harmonica [12], and DIANA [6] on ResNet-8/20, VGG-

16, AlexNet (CIFAR-10), ResNet-50 (ImageNet), and Mo-

bileBERT (SQuAD). Fig. 5 summarizes the results. Across

all networks except ResNet-50, HILAL delivers the highest



Fig. 5. Comparison with mapping-optimization methods. Top: Analog uti-
lization (MAC Ratio, left y) and Accuracy/F1 (right y). Bottom: End-to-end
execution time (hours).

accuracy while sustaining markedly higher analog utilization

(MAC Ratio). On ResNet-50, LionHEART is slightly more

accurate but at a substantially higher end-to-end time cost. DI-

ANA attains the shortest times (seconds-scale) but consistently

exhibits lower accuracy. Among accuracy-preserving methods,

HILAL is consistently faster than Harmonica and ODiMo

and significantly faster than LionHEART, while enabling more

analog compute.

We note that our layer-wise analog fine-tuning schedule

(LAFT) can occasionally outpace DIANA in wall-clock time:

by retraining gradually, layer-by-layer, LAFT avoids repeated

full-model restarts and reduces unnecessary backpropagation on

stabilized layers, shortening convergence on some networks. A

per-model breakdown of MAC Ratio, Accuracy/F1, and end-

to-end time is provided in Fig. 5.

V. ABLATION STUDY

Our ablation study validates the design choices underlying

our per-layer descriptor. We examine whether both components

are needed to capture sensitivity to analog noise. We compare

mapping outcomes from the two-dimensional descriptor [HNI,

SCR] against two baselines relying on a single statistic: HNI-

only and SCR-only.

Fig. 6 shows that relying on a single feature degrades ana-

log/digital partitioning. In ResNet-8 and ResNet-20, mappings

from HNI-only or SCR-only fail to identify noise-sensitive

layers. As a result, these metrics assign such layers to the

analog cluster, leading to an accuracy drop after retraining. On

ResNet-8, HNI-only reaches 58.92% 1-day test accuracy on

CIFAR-10 and 29.22% on CIFAR-100, compared to 83.27%

on CIFAR-10 and 45.85% on CIFAR-100 with our descriptor.

For ResNet-20, SCR-only achieves 73.60% on CIFAR-10 and

52.49% on CIFAR-100, while [HNI, SCR] improves to 84.62%

and 58.53%, with a higher MAC ratio.

These results reflect complementary roles. HNI captures the

expected effect of stochastic weight perturbations but is agnos-

Fig. 6. Ablation study on the components of the layer descriptor. (a) HNI
and SCR values for each layer of ResNet-8 on CIFAR-10, showing a natural
separation into robust and sensitive layers. (b) Test accuracy over time for
models using the full descriptor [HNI, SCR] vs. [HNI] only. Resulting layer-
to-AIMC allocations using (c) [HNI, SCR] and (d) [HNI] only

tic to curvature directionality. SCR captures concentration in the

Hessian spectrum but lacks a measure of overall noise-induced

loss increase. Each alone misses key information, yielding

poor mappings. Together, they provide a faithful representation

of layer sensitivity, allowing k-means to separate robust and

fragile layers across architectures.

The superiority of the joint descriptor is not confined to these

ResNet variants. Across most models in our evaluation suite,

[HNI, SCR] yields higher post-retraining accuracy than either

ablation, improving by 2–20% depending on architecture.

VI. CONCLUSION

In this paper, we introduced HILAL, a Hessian-guided

framework for layer allocation in heterogeneous analog–digital

deployment of neural networks. Our method computes an

interpretable two-dimensional descriptor per layer from Hessian

trace and spectral concentration, clusters layers automatically,

and performs progressive hardware-aware retraining while map-

ping robust layers to analog. The resulting mappings are

threshold-free, and produce favorable accuracy vs analogization

trade-offs compared to recent baselines. Extensive ablation

studies show that the normalized HNI and SCR are effective

sensitivity predictors, and LAFT substantially improves recov-

ery compared to one-shot mapping. Future work includes ex-

tending the method to joint latency/energy-aware optimization

objectives, exploring channel/tile granularity mappings with

scalable search, and validating mappings on AIMC hardware.
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