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Abstract—Manhattan Distance Mapping (MDM) is a post-
training deep neural network (DNN) weight mapping technique
for memristive bit-sliced compute-in-memory (CIM) crossbars
that reduces parasitic resistance (PR) nonidealities.

PR limits crossbar efficiency by mapping DNN matrices into
small crossbar tiles, reducing CIM-based speedup. Each crossbar
executes one tile, requiring digital synchronization before the next
layer. At this granularity, designers either deploy many small
crossbars in parallel or reuse a few sequentially—both increasing
analog-to-digital conversions, latency, I/O pressure, and chip area.

MDM alleviates PR effects by optimizing active-memristor
placement. Exploiting bit-level structured sparsity, it feeds
activations from the denser low-order side and reorders rows
according to the Manhattan distance, relocating active cells toward
regions less affected by PR and thus lowering the nonideality
factor (NF).

Applied to DNN models on ImageNet-1k, MDM reduces NF
by up to 46% and improves accuracy under analog distortion by
an average of 3.6% in ResNets. Overall, it provides a lightweight,
spatially informed method for scaling CIM DNN accelerators.

Index Terms—memristive crossbars, compute-in-memory, cross-
bar nonidealities, parasitic resistance.

I. INTRODUCTION

Compute-in-memory (CIM) architectures integrate storage
and computation within the same physical fabric, offering
energy-efficient deep neural network (DNN) acceleration by
reducing data movements [1]-[4]. However, their scalability
remains limited by nonidealities—such as sneak paths [S]—[8],
process-voltage-temperature variations [9], [10], stuck-at faults
[11]-[14], conductance drift [15], [16], and parasitic resistance
(PR) [17]-[19]—which degrade inference accuracy and restrict
computational parallelism in large-scale workloads [20], [21].

PR is a key scalability bottleneck in CIM accelerators, caused
by resistive interconnects within crossbars. We hypothesize
that the resulting voltage drops grow proportionally with the
Manbhattan distance from the I/O rails—an effect we term the
Manhattan Hypothesis. This model enables analytical estima-
tion of PR impact without requiring circuit-level simulations.

DNN weights are typically mapped across crossbar rows,
with each column representing a fractional bit [22]-[25].
Because weights follow a bell-shaped distribution centered
near zero [22], [23], [26]-[28], high-order columns that encode
large magnitudes are sparse, while lower-order columns are
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more frequently active. This structured imbalance drives current
through deeper paths, leading to amplified PR effects.

This spatial nonideality constrains crossbar size. Large arrays
amplify PR deviations, forcing DNN partitioning into smaller
crossbar tiles to preserve accuracy. However, smaller tiles
demand additional digital synchronization and I/O bandwidth
between computing phases, mitigating CIM intra-parallelism.
Consequently, PR simultaneously degrades model accuracy
and undermines system-level throughput, posing a fundamental
obstacle to scaling CIM-based DNN accelerators.

To address this limitation, we propose the Manhattan
Distance Mapping (MDM) algorithm, a post-training spa-
tial remapping strategy that reduces PR distortion without
altering crossbar computation. MDM operates in three stages.
First, it reverses the dataflow so that denser, lower-order bit
regions—where active memristors are concentrated—align
with shorter conduction paths, reducing cumulative voltage
drops. Second, it assigns each row a Manhattan-based score
that quantifies the distance of its active cells from the I/O
rails, reflecting their relative exposure to parasitic effects.
Finally, rows are reordered in ascending order of this score,
relocating dense regions toward areas less affected by resistance
buildup. This spatial reorganization reduces the nonideality
factor (NF)—the deviation of the measured output from its ideal
value—while preserving all arithmetic semantics, requiring
neither retraining nor hardware modification, and integrating
seamlessly into existing deployments [22], [23]. See Figure 1
for a summary of the approach.

The main contributions of this paper are:

e A theoretical foundation for MDM, built upon (1) the
Manhattan Hypothesis, which shows that voltage drops
accumulate proportionally to the Manhattan distance from
the I/O rails, and (2) a mathematical proof of structured
bit-level sparsity in DNN weight distributions;

e A post-training weight mapping that reverses dataflow and
reorders rows to place active cells in regions less affected
by PR accumulation, requiring no retraining nor hardware
modification;

o A framework that models PR by injecting spatially
dependent noise into DNN weights, enabling analog
distortion assessment on PyTorch models.
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Fig. 1: Summary of the Manhattan Distance Mapping (MDM).

II. BACKGROUND

A. Memristive Crossbar Assumptions

We adopt bit-sliced crossbars [22], [23], where each row
encodes a weight and columns represent power-of-two scaling
factors. Higher-order columns near the inputs correspond to
larger factors (e.g. 2°,271,272), while lower-order columns
farther away encode smaller ones (e.g. 275,276 277). For a
128x128 crossbar with 16 multipliers, each row stores eight
different weight values (since 128/16 = 8).

This hierarchy produces structured sparsity according to the
bell-shaped distribution of DNN weights (see Section III-A).

B. Nonideality Measurement
Crossbar nonidealities are quantified by the NF [29]-[31],
Ai
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NF = , 1)

where i is the expected output and Aq is the amount of current
that was deviated due to nonidealities.

Each cell can be identified by its position (j, k) corresponding
to its row and column indices seeing from the I/O interface.
The Manhattan distance, dy (7, k), of a cell is defined as the
sum of its horizontal and vertical distances from the I/O rails,

dv(j, k) =j+k. (2)

As current propagates along the resistive mesh, voltage drops
accumulate with increasing distance from the I/O rails, causing

farther cells to contribute less accurately to the overall output.

Section III-B uses Kirchhoff’s law to hypothesize that the NF

grows proportionally to the Manhattan distance of active cells.

III. THEORETICAL FRAMEWORK

This section proves that (1) bit-sliced crossbars exhibits a
structured bit-level sparsity pattern, and propose that (2) the
NF scales with the Manhattan distance from the I/O rails—two
properties that underpin the MDM method.

A. Bit-level Structured Sparsity

To characterize the bit-level distribution in a (.J, K) crossbar,
we apply Theorem 1, derived from the DNN bell-shaped
weight distribution [22], [23], [26]-[28], [32]. Each weight
w; is mapped across K fractional-bit columns as w; =
> pex bik(w;)27%, where lower-order bits exhibit higher
activation probability (b, = 1)', yielding denser columns.

Theorem 1. Let W be a nonnegative random variable with
probability density function f : [0, 00[— [0, 00 such that:
1) f is continuous on [0,00] and strictly decreasing on
0, ooy
2) f(0) < 0o and limy, s f(w) = 0.
Let

po= Pl =1 = [ " )b (w)duw,

where P(by, = 1) is the probability of by, = 1. Then

1
’pk - %‘ < Wf(())

In particular, pr, < 1/2 for every k and pr, — 1/2 as k — oc.

Proof. Fork < K, set L := 2% and define the k-th fractional-
bit indicator

L, mL+L
bo(w) = 400 wEM ’mL+2[’ m=0,1,2,...
1, we[mL+ %, (m+1)L]
Let
Then,
o L/2
Ay = Z/ [f(mL+u) — f(mL+u+ L/2)] du. (4)
m=0"0
By the Fundamental Theorem of Calculus,
L/2
f(mL+u)—f(mL+L/2+u) = — f'(mL+u+0)do.
0
&)

I'We supress the row index when the statement is row-independent.



Changing variables to s = u + 6 € [0, L] gives
o L
Ay = Z/ [= f'(mL+s)] Ap(s)ds,  (6)
m=0"0

with Af(s) := min{s, L — s} on [0, L]. Since A (s) < L/2,

L & ([t ,
Ak§2mz_:o/0 [— f/(mL+s)]ds (7)
using the Fundamental Theorem of Calculus again
L oo
A< 5 mZ:jO [f(mL) = f((m + DL)]. ®)

The series telescopes and f((m + 1)L) — 0 (statement 2 of
the theorem), hence

L
A = 5 f(0). &)

Noting that p, = (1 — A;) and L = 27", we obtain

1
P — 3| < 92+k F(0).

(10)

Moreover, A > 0 because f is strictly decreasing on sets of

positive measure (statement 1 of the theorem), hence p < %

Finally, since L = 2=k — 0, the bound forces PE — % ]

Theorem 1 motivates dataflow reversion by injecting inputs
from the denser side to minimize PR along conductive paths.

B. The Manhattan Hypothesis

We consider a (J, K) crossbar whose interconnects have
parasitic resistance r, and where each active cell at (j,k)
exhibits resistance R,,. The array is driven from V;, along the
rows and sensed at the grounded column outputs.

A single active memristor £ cells farther from the input rail
satisfies the Kirchhoff’s law:

V — Vi 1%
=0. 11
br + Ron (D
The memristor current, including PR effects, is
1 =19+ Ai= (12)

b
ROH

where ig = Vo /Ron is the ideal current (for r = 0).
Solving Equation (11) for V' under the practical assumption
Ir < R, gives the first-order approximation

br
V=V, {1— Ron]' (13)

Substituting Equation (13) into (12) and normalizing by ig:
il _ V-Vl , r

20 Vb ¢ Ron ’
Equation (14) shows that the deviation increases linearly with
the distance between the device and its I/O rail. For an
active memristor located j segments from the input rail and k

segments from the output rail, the combined contribution is

NF = (14)

NF ~

lj+ k| (15)

on
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Fig. 2: Circuit-level simulations in SPICE shows anti-diagonal
symmetry for r = 2.5 Q, Ry, = 300 k2, and R, = 3 M)
(values within range suggested in the literature [31], [33], [34].)
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Extending for multiple active memristors and sensing the cur-
rent at each column end, we obtain the Manhattan Hypothesis

r

NF ~ 5nli+ ke
Ron%: skl + K]

(Manhattan Hypothesis) (16)

where 0; , = 1 if the crosspoint (j, k) is active and 0 otherwise.

This result shows that the NF scales proportionally with
the aggregate Manhattan distance of active cells, following a
gradient of increase from the bottom-left to the top-right (anti-
diagonal) of the array. Consequently, crossbars exhibit identical
NF values under anti-diagonal symmetric configurations—a
behavior corroborated by SPICE circuit-level simulations
(see Figure 2). This linear relationship isolates PR as the
sole source of nonideality. Other effects, such as sneak-path
currents, are not captured by this first-order model. To decouple
these phenomena, we consider the sparse regime of bit-sliced
crossbars for DNN workloads. In such configurations, sneak
paths are more likely to be suppressed [7], [8].

IV. MANHATTAN DISTANCE WEIGHT MAPPING

The MDM algorithm reduces crossbar PR effect by reorga-
nizing weights to minimize the Manhattan distance of active
memristors from the I/O rails in three steps.

First, the dataflow is reversed so that denser, lower-order
bits align with shorter conduction paths, thereby reducing the
PR impact. Second, a Manhattan-based score is computed for
each row, quantifying the distance of its active memristors
from the input. Finally, rows are sorted according to this score,
positioning denser rows closer to I/O (see Figure 3).

This spatial remapping minimizes NF without modifying the
DNN model. It operates as a post-training transformation that
can be seamlessly integrated into existing CIM deployments.

From a system-level perspective, row permutations and re-
versed dataflow require buffer drivers and multiplexing circuitry
already present in state-of-the-art CIM implementations [22],
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Fig. 3: MDM example. Arrows on the left/right indicate
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Fig. 4: Error distribution of the Manhattan Hypothesis linear fit
has mean = —0.113% and standard deviation o = 11.5%.

[23]. The approach extends these architectures by modeling and
reducing crossbar nonidealities with a novel mapping policy.

V. EXPERIMENTS

We assess (1) how accurate the Manhattan Hypothesis is
and (2) NF reduction and (3) model accuracy drop considering
PR effects before/after MDM, benchmarking multiple DNNs.
Crossbar computations were simulated in SPICE and PyTorch
on ImageNet-1K [35] on all model layers (ResNets, VGGs,
ViTs and DelTs from native PyTorch models), trained in 32-bit
floating point. The simulations used 128x10 crossbars in 64x64
tiles with the same resistance values as in Section III-B.

A. The Manhattan Hypothesis Accuracy

We evaluate the Manhattan Hypothesis in three stages: (1)
we generate 500 randomized crossbar tiles with approximately
80% sparsity, matching the lower bound observed across the
evaluated models. Since the least sparse model, DeiT-Base,
exhibits 76% sparsity, this level ensures consistency with all
architectures, whose sparsity is at least 80%; (2) each tile is
simulated in SPICE. The circuit-level simulation measures the
NF by probing the column outputs for » = 0 (expected output)
and r = 2.5 ) (actual output affected by PR); (3) we apply
least-squares to find the linear map between the measured and
calculated NF? (see Figure 4).

B. Nonideality Factor Reduction

The Manhattan hypothesis allows fast PyTorch NF evaluation
without exhaustive circuit-level simulation of every DNN tile.
As illustrated in Figure 5, MDM significantly reduces the NF.
By comparing dataflows, we observe that reverted dataflow
improves MDM by up to 50% compared to conventional.

2We calculate NF from Equation (16) and measure it using SPICE.
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Fig. 5: NF reduction with MDM for different dataflows.
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Fig. 6: Model accuracy for different configurations.

C. Model Accuracy Evaluation

Finally, we translate the NF reduction to model accuracy
by injecting position-dependent noise in PyTorch, where each
weight is modified proportionally to the Manhattan distance:

wi = b(w;)27F[1 4 nd;al,
k<K

7)

where 7 is the noise coefficient.

The parameter 7 is calibrated in SPICE using Equation
(17), such that simulations with » = 2.5  match the ideal
r = 0 case. This procedure yields n = 2 x 10~3. Figure 6
reports model accuracy under noise injection with and without
MDM. Overall, MDM tends to be less effective for transformer
models due to their characteristically flatter weight distributions
[22], [23], [28], [36]. As a result, their bit-line representations
become denser in higher-order columns and sparser in lower-
order ones, which diminishes the benefits of MDM.

VI. CONCLUSION

We introduced the Manhattan Distance Mapping (MDM), a
spatially informed post-training weight mapping method that
reduces parasitic resistance effects in memristive compute-
in-memory (CIM) crossbars. By reversing the dataflow and
reordering rows according to their cumulative Manhattan
distance from the I/O rails, MDM effectively relocates active
memristors toward regions less affected by PR voltage drops.
The method considerably reduces the nonideality factor (NF).

Through circuit-level and PyTorch-based simulations on
ImageNet-1k, we demonstrated that MDM decreases NF by up
to 46% and improves inference accuracy under analog distortion
by an average of 3.6% in ResNet architectures. These results
enable larger crossbars to operate with reduced PR degradation.

By bridging algorithmic and device-level constraints, MDM
opens new directions for understanding nonidealities in CIM.
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