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Abstract—Computing-in-Memory (CIM) accelerators are a
promising solution for accelerating Machine Learning (ML)
workloads, as they perform Matrix-Vector Multiplications
(MVMs) on crossbar arrays directly in memory. Although the bit
widths of the crossbar inputs and cells are very limited, most CIM
compilers do not support quantization below 8 bit. As a result, a
single MVM requires many compute cycles, and weights cannot
be efficiently stored in a single crossbar cell.

To address this problem, we propose a mixed-precision training
and compilation framework for CIM architectures. The biggest
challenge is the massive search space, that makes it difficult to
find good quantization parameters. This is why we introduce a
reinforcement learning-based strategy to find suitable quantiza-
tion configurations that balance latency and accuracy. In the best
case, our approach achieves up to a 2.48 X speedup over existing
state-of-the-art solutions, with an accuracy loss of only 0.086 %.

Index Terms—RRAM, CIM, Compiler, ML, MPQ
I. INTRODUCTION

To perform Machine Learning (ML) workloads efficiently,
new hardware architectures are required. Promising candidates
are Computing-in-Memory (CIM) accelerators, which execute
Matrix-Vector Multiplications (MVMs) directly in memory.
This addresses the von Neumann bottleneck by reducing data
movements between memory and processing units. [1]

Resistive Random Access Memory (RRAM) is a well-
known technology for CIM crossbars because it offers high
device density, low power usage, fast switching speed, and
compatibility with standard CMOS processes [2], [3].

A limitation of RRAM crossbars is the restricted bit preci-
sion of both, the input activations and the crossbar cells. The
cell resolution is limited by device variability, nonlinearity, and
drift [4], [5], [6]. This makes it difficult to reliably distinguish
between many resistance states. Typical bit widths for RRAM
cells are between 1bit and 4 bits [7], [8], [9], [10]. Input res-
olution is limited by the area, power consumption, and speed
of the Digital-to-Analog Converter (DAC) used to convert the
digital inputs to analog voltages [11], [12]. Higher-resolution
DACs demand higher-resolution Analog-to-Digital Converters
(ADCs), which increases power consumption significantly [8].
As a result, most crossbars use 1bit DACs to reduce circuit
complexity and improve robustness and efficiency [13], [14].

Existing compilers for CIM only support fixed bit width
quantization with a minimum of 8bit for activations and
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Fig. 1:
contributions are highlighted in red.
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weights [15], [16], [17], [18], [19], [20]. To map such 8bit
models onto low-resolution crossbars, two techniques are used:
weight bit slicing and input bit slicing [21]. Weight bit slicing
splits high-bit weights across multiple RRAM cells. Input bit
slicing splits high-bit inputs across multiple computing cycles.
This increases the inference latency drastically [21].

Mixed-precision Quantization-Aware Training (QAT) with
low bit widths is a hardware-friendly alternative to fixed-
precision quantization [22]. It combines QAT [23], which
takes simulation effects into account during training, and
Mixed-Precision Quantization (MPQ), where different layers
use different bit widths for weights and inputs. To make use
of this quantization scheme on CIM targets, we present our
framework shown in Figure 1. It has two main contributions:

1. A MPQ-aware compiler that compiles mixed-precision
models from the QAT framework Brevitas [24] for CIM
architectures. The supported architectures are described in
Sections II and III-A. It can handle crossbars of any size and
applies CIM-specific optimizations. The compiler is described
in Section IV-B. Results show speedups ranging from 2.20x
to 2.48x over 8 bit quantization compilers for ResNet-18, ViT-
B/32, and VGG-16 on the ImageNet dataset.

2. A reinforcement learning-guided MPQ optimizer
for CIM targets. The exponential search space for MPQ
makes manual tuning impractical. Existing automated ap-
proaches [25], [26] target only conventional hardware, while
open-source frameworks for CIM are missing. We close this
gap with CIM-aware Automated Quantization (CIM-AQ), our
CIM-aware reinforcement learning-based optimizer. There-
fore, we extend the Hardware-aware Automated Quantization
(HAQ) framework [25] to enable mixed-precision optimization
for CIM. By integrating Brevitas [24] as a new QAT backend,
CIM-AQ does not only support a broader range of Neural Net-
works (NNs), including transformers, but is also approximately
8 % faster. CIM-AQ can be found on GitHub?.

2GitHub link: https://github.com/jmkle/cim-aq
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TABLE I: Comparison with existing CIM compilers.

Compiler Cell Crossbar Data MPQ

resolution size types support
TC-CIM [15] 4 bit 256 x 256 8 bit X
TDO-CIM [16] 4 bit 256 x 256 8 bit X
OCC [17] 4 bit variable 8 bit X
Jin et al. [18] 2 bit variable 16 bit X
CINM [19] 4bit variable 8 bit X
CIM-MLC [20] any variable 8 bit X
Ours any variable 1 bit-8 bit v

II. RELATED WORK

Many CIM compilers have been proposed in the past [15],
[16], [17], [18], [19], [20], [27], [28]. They differ in the tar-
geted CIM architecture, crossbar design, compiler framework,
implemented optimizations, and overall flexibility. Table I
shows compilers that assume a CIM architecture similar to
ours. Figure 2 illustrates this architecture, consisting of a host
CPU and a single memory-mapped CIM accelerator. Besides
the crossbar, the CIM core also includes registers and control
logic, which are omitted here for clarity.

TC-CIM [15] uses Tensor Comprehensions [29] and Loop
Tactics [30] to detect and offload suitable tensor operations
like MVMs and General Matrix Multiplications (GeMMs) to a
CIM accelerator. TDO-CIM [16] builds on TC-CIM by detect-
ing patterns at the LLVM-IR level for broader language sup-
port and uses Polly [31] and Loop Tactics to offload individual
layers to a CIM accelerator. OCC [17] uses MLIR [32] to
offload GeMMs and convolutions to a CIM accelerator. They
improve endurance through reduced writes and better weight
reuse. Jin et al. [18] developed a general-purpose LLVM-
based compiler that identifies MVMs, GeMMs, and logic
operations, with a runtime application that decides between
CPU and CIM execution. CINM [19] offers an end-to-end
compiler for heterogeneous CIM systems, using hierarchical
MLIR abstractions for progressive lowering and optimizations.
CIM-MLC [20] proposes a multi-level compilation stack with
progressive lowering and scheduling optimizations tailored to
different CIM architecture levels.

As summarized in Table I, current compilers are restricted
to a fixed bit width of 8 bit or 16 bit. Since most crossbars have
only 2bit to 4 bit resolution and 1 bit DACs, the overhead of
each MVM becomes large because multiple cycles per MVM
and many cells per weight are required. As a result, latency
increases and efficiency drops. To address these issues, our
compiler uses the best bit width for each layer. This reduces
cycles and write operations and thereby improves latency.

1II. BACKGROUND

This section provides background on RRAM-based CIM
architectures, QAT, and the used HAQ framework.

A. Analog MVMs on RRAM Crossbars

RRAM crossbars are used to perform MVMs directly in
memory. Figure 2 illustrates the basic architecture of the
CIM target used in this work. The topology of the M x N
1 Transistor 1 Resistor (1IT1R) crossbar has a high resilience
against wire parasitics [33], [34]. Each column consists of 2V
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Fig. 2: The CIM architecture used in this work.

cells. Each pair of cells represents a single weight; g;fM is
the positive and g;,, the negative part of the weight. This is
called differential mapping [21], [35]. The dot product result
of a crossbar column i, with k € [1, M], can be written as:

N
ik =if —ix = v (e~ 97) (1
j=1

The input v; is used to activate or deactivate row j. The
input is binary and requires one cycle per bit. Each pair of
cells can store a multi-bit weight. Weight bit slicing is used if
the weight has more bits than the cell can store.

B. Quantization-Aware Training

Quantization in ML usually means mapping floating point
ranges to integer values, e.g., fp32 ranges to int8 values.
In range-based linear quantization, this mapping is described
by a scaling factor s and an offset z called zero-point.

In our setup, weights use symmetric signed quantization,
and activations use symmetric signed or unsigned quantization.
In symmetric quantization, the zero-point is set to zero. The
symmetric quantization of a floating point value z¢ to an
integer z4 € [— (2871 —1),25871 — 1] is defined as:

2B-1 1
Tq = \fl’f' -‘

max([a])

For small bit widths B, the quantization error can be
significant. To improve the accuracy, QAT [23] is commonly
used. An important concept in QAT is fake quantization. Fake
quantization applies rounding and clipping to weights and
activations in the forward pass but lets gradients pass through
unchanged, so the NN learns the quantization effects.

A well-known framework for QAT is Brevitas [24]. Brevitas
is based on PyTorch and also supports MPQ.

2

C. Reinforcement Learning

Reinforcement learning [36] is a concept where an agent
learns by interacting with an environment over time through
actions and rewards. Figure 3 illustrates the agent-environment
interaction. At each time step ¢, the agent choses an action a,
according to a policy m, with a; = m(s;) for deterministic
policies [37] and 7(a¢|s;) for stochastic policies [38]. The
environment responds with a new state s;y; and a reward 7.

3!
|EnVir0nment| Tt 1 Reward r,—1 |  Agent |
T St41 ! State s; ~ |

Action a;
Fig. 3: Agent-environment interaction.
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Fig. 4: Learning flow in the HAQ framework.

The goal in deterministic reinforcement learning is to find
a policy 7* that maximizes the expected cumulative reward:

S
k
D7k

k=0

7 (s) = argmax E
T

St = S] ) (3)

where 7 € [0,1) is a discount factor that prioritizes rewards.

D. Hardware-aware Automated Quantization (HAQ)

The HAQ framework uses a Deep Deterministic Policy
Gradient (DDPG) [39] agent. DDPG is an off-policy algorithm,
which means that the agent can learn from data generated
by a different policy than the one it is currently optimizing.
It is based on the actor-critic architecture [40], where the
actor learns the policy m and the critic learns the action-value
function Q(s, a). In HAQ, a state is denoted as oy, and contains
the layer information of layer k. The policy and the action-
value function are learned by NNs. Figure 4 breaks down the
main steps of the learning flow of the HAQ framework:

1) In each episode, the actor determines the quantization
parameters ajy, = mg (o) for each layer separately.

2) It is checked if the quantized NN fits into the resource
budget for latency, memory, and power consumption.

3) If the resource budget is exceeded, the bit widths are
decreased sequentially to enforce the constraints.

4) The NN is trained for only one epoch. The reward R is
calculated based on the top-1 accuracy of this epoch.

5) All tuples Ty, = (ok, ak, R, 0x+1) are stored in the replay
buffer, which collects previous experiences.

6) The critic network is trained by minimizing a loss based
on a variant of the Bellman equation [41]. Therefore, a
batch of random samples from the input buffer is used.
The actor is updated using gradients from the critic.

After training, a full QAT must be performed using the
learned parameters. We will use Brevitas for this step, as its
trained NN can be directly imported into the compiler.

IV. OUR APPROACH

Section IV-A describes the CIM-AQ framework, which
adapts the HAQ framework to CIM targets and accelerates
it. Section IV-B introduces the MPQ-capable compiler.

A. CIM-aware Automated Quantization (CIM-AQ)

In HAQ, the agent searches for the MPQ policy that
maximizes accuracy while staying within hardware’s resource
budgets (memory footprint, latency, power consumption).

TABLE II: Hardware parameters of the CIM target.

Parameter \ Description

M x N Crossbar dimension, as shown in Figure 2
Teell Precision of a single RRAM cell (in bit)
TDAC Precision of the DAC (in bit)
twrite Programming time of the crossbar (in ps)
tmvm Execution time of an MVM (in ps)

In CIM, however, we need to solve the following problem:
Find MPQ parameters that minimize latency and preserve
high accuracy for a given CIM target. This leads to the
following adjustments of the HAQ framework:

Reward function: The target accuracy acc; that should at
least be achieved by the MPQ is defined as

accy = accgy, — ACClogss 4)

while accgp, is the accuracy of the reference 8bit NN and
accloss 1S the maximum tolerated accuracy loss. Unlike the
fixed hardware-budget constraints in HAQ, our target accuracy
accy cannot be enforced as a strict constraint, since the
post-quantization accuracy, accq, of the MPQ-quantized NN
is unknown at the time of constraint evaluation (see Figure 4).
Instead, we incorporate accy into the reward function to
penalize any accuracy loss below the target, thereby enabling
a joint optimization of latency and accuracy.

Our reward function R is defined as:

» —a(acey, — acey),
= ﬁ(% _ 1) + v(accq — accy), otherwise
q

The inference latencies of the 8 bit and MPQ quantized NNs
are denoted as Ty}, and Ty, respectively. The hyperparameter
« scales the penalty when accuracy falls below the target,
whereas 5 and 7 scale the trade-off between speedup and
accuracy. They are set to o« = 10, 8 = 100, and v = 0.1.

Latency cost modeling: The inference latency T of the
NN is determined based on the hardware parameters listed in
Table II. These parameters belong to the architecture discussed
in Section III-A with a single CIM core. The total latency T’
can be calculated as follows:

T = Z Trepeat,l (Nwrite,l “Twrite + vam,l : tmvm) (6)
layer [

accq < accy

The repeat factor 7,epeat,; denotes the repetition factor for
operations executed multiple times, such as attention head
computations in Multi-Head Attention (MHA) layers.

The number of write operations Nyite,; 1S defined as:

2- Ml Whit.l Nl
Nwri el — . ’ s 7
tel { M LMH {N-‘ ™

Here, wyit,; denotes the weight bit-width in layer [. M; and V;
are the row and column dimensions of the layer’s weight ma-
trix. Layers without a 2D weight matrix, e.g., Conv2D, must be
transformed into a GeMM operation first. This is usually done
with the im2col transformation [42], [43], [44]. For instance, a
Conv2D layer mapping (Cin, Hin, Win) = (Cout, Hout, Wout)
with kernel size (K1, Kvw) can be expressed as a (M, V}, N;)-
GeMM operation with dimensions:
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Fig. 5: Overview of the compilation pipeline.

Ml = Oout; Nl = C'inI(H[(VV; Vl = HoutWout (8)

The number of MVM operations Ny, is defined as:

vam,l = ‘/l : Nwrite,l : lrablt,l—‘ (9)

DAC

The activation bit width is ay;s,;. Equation (8) specifies V; for
Conv2D layers. For normal Dense layers, we can simply set
Vi = 1. For Dense and GeMM layers inside MHA blocks,
each token needs to be processed independently, so we set V;
to the sequence length N. We also generate a lookup table for
the cost model. It stores the latency for each layer and every
combination of weight and activation bit widths in a range
from b5, 10 bpax, the minimum and maximum bit widths.

HAQ acceleration: In the HAQ framework, one epoch
of QAT is performed during every finetuning phase (see
Figure 4). One problem is that HAQ relies on a custom
quantization implementation, which only supports very few
layers. For example, typical layers of transformer architectures
are not supported. Another problem is that the time of the
whole HAQ framework is dominated by the QAT epoch.
To overcome these limitations, we integrate Brevitas as a
backend for QAT in the HAQ framework. Brevitas not only
supports a wide range of layers, but also speeds up the whole
reinforcement learning process.

B. CIM Compiler

Our compiler maps MPQ models trained with Brevitas
to the CIM targets described in Section III-A. CIM-specific
Application Programming Interface (API) calls are inserted
into the ML model. A runtime environment implements those
calls to offload MVM executions to the CIM accelerator. The
compiler is built on the Tensor Virtual Machine (TVM) [45]
framework to reuse existing infrastructure. Figure 5 shows an
overview of our compilation pipeline. In the following, we
will explain the main steps of the compilation pipeline.

Frontend: After QAT with Brevitas, the MPQ model is
converted to the Open Neural Network Exchange (ONNX)
format. TVM offers a built-in ONNX frontend. The ONNX
graph is then converted into an internal representation called
Relay. Quantization is encoded in the Quantize and De-
Quantize (QDQ) style: QuantizeLinear followed by
DeQuantizeLinear nodes are inserted between the origi-
nal operators. These nodes allow switching between integer
and floating-point domains. At this point, operations like
Conv2D are still in the floating-point format.

To enable MPQ in our compiler,
config_update attribute to Relay
implemented a Relay transformation pass

we added a
operators, and
that detects
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Fig. 6: Optimizations of the QNNFuse pass.

quantized layers, infers activation and weight bit-widths,
and determines the bit-splitting scheme for the crossbar.
The resulting configuration is stored as JSON in the
operator attributes and later used during lowering to generate
accelerator function calls.

Graph-level optimizations: We apply a series of high-level
transformations to the Relay graph. For execution on the CIM
target, all QDQ patterns must be converted to integer-only
computations. TVM’s FQ2I pass replaces each QDQ pair with
a quantized operator and inserts ReQuantize nodes to align
scales and zero points. However, this pass can leave the final
layer or the bias addition partly in floating-point format. To
ensure that the last block is also quantized, we implement
a custom QNNFuse pass. It merges the leaf operations to
corresponding quantized operations. Figure 6 illustrates two
examples of graph transformations performed by this pass.

Finally, we partition the optimized graph, assigning each
operation either to the CPU or to the CIM accelerator. CPU-
only parts are lowered through the standard TVM pipeline,
whereas CIM operations follow the custom scheduling and
lowering flow shown in Figure 5.

Scheduling: Scheduling in TVM controls how an opera-
tion’s loop nests are transformed to match a given hardware
target. Primitives such as split, reorder, tile, and
fuse (see Figure 5) help to modify loop nests to improve
parallelism and data locality. Since write operations to the
crossbar are more costly than MVMs, we adopt a weight-
stationary dataflow that keeps weights in the crossbar as
long as possible. To target CIM, loops are annotated with
a predefined set of axis labels (e.g., “outer MVM row”). The
idea is to only label the relevant loops in the schedule, so our
subsequent lowering passes pick up those labels to insert the
proper CIM API calls fully automatically. With this approach,
supporting new layers only needs 5-10 lines of code.

Lowering: We provide two custom lowering passes. First,
we insert staging buffers of size M x N, 1 x N, and 1 x M to
hold the weights, inputs, and outputs, respectively. This aligns
the memory layout with the required format of the CIM API.
Then, we inject API calls that replace the isolated computation
in the inner loop nest. Pointers to the buffers are passed as
arguments.

V. RESULTS

In this section, we evaluate the performance of our frame-
work. In summary, the workflow consists of three steps:
First, reinforcement learning is employed to determine suitable
quantization parameters. Second, our compiler maps the opti-
mized models to the CIM target introduced in Section III-A.
Finally, the compiled model is executed on an open-source
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Fig. 7: Final activation and weight bit widths of ResNet-18 layers under different constraints for r.e = 4 bit.

crossbar simulator [35]. The inference latency is determined
by using crossbar parameters from [8]: The crossbar size is
256 x 256 with differential cell mapping and rpac = 1.
The latencies are tyrite = D6us and ¢y, = 1.4us (see
Table II). These latencies also include the DAC and ADC
conversions. We optimize three representative NNs trained on
ImageNet [46]: ResNet-18 [47], VGG-16 [48], and the vision
transformer ViT-B/32 [49]. Table III lists the number of layers
that are mapped to the crossbar for each benchmark.

A. CIM-AQ - Performance Improvements

To improve the HAQ framework, we replaced the original
quantization backend with Brevitas. As mentioned in Sec-
tion IV, this not only enables the use of a wider range of
NN architectures like transformers, but also provides modest
runtime improvements. For example, on our NVIDIA L40S
GPU (CUDA 12.8, 48 GB memory), we observed a speedup
of 8.4% when running reinforcement learning for VGG-16
compared to the original HAQ implementation.

B. CIM-AQ - Evaluation of Constraints

Finding optimal MPQ parameters using CIM-AQ remains
time-consuming. This is why we first explore how different
constraint strategies affect the quality of the MPQ parameters.
By restricting the search space, constraints can help achieve
better results. We evaluate the following constraints:
o Input/output constraint: The activations and weights in
the first and last layer remain at 8 bit, since these layers
are typically more sensitive to quantization noise [50].

o Weight constraint: The bit widths of the weights are
restricted to multiples of the cell resolution 7.

« Both constraints: Both previous constraints.

In all subsequent experiments, CIM-AQ is run for 600
episodes, with 3 QAT epochs per episode (see Section III-D),
on a reduced ImageNet100 dataset with 20,000 training and
10,000 validation images. The accuracy threshold accjogs is set
to 5% (see Section IV). Once the optimal MPQ parameters

TABLE III: An overview of the benchmarks’ layers.

Benchmark \ Conv2D  Dense  MatMul

ResNet-18 20 1 -
VGG-16 13 3 -
ViT-B/32 1 49 24

are determined, the NN is further trained for 30 epochs on the
full ImageNet dataset. All reported accuracies correspond to
the validation accuracy of this final training step.

Figure 7 shows the final MPQ bit widths of the ResNet-18
layers for weights and activations. The cell resolution is
set to 7rcel = 4bit, meaning that weights exceeding 4 bit
are distributed across multiple cells. Although activations
are generally considered more sensitive to quantization when
using conventional hardware [51], the results indicate that,
for CIM architectures, activations are in most cases quantized
more aggressively than weights. The reward function (see
Equation (5)) explains this behavior because it explicitly
rewards low latency. The bit width of the activations has a
direct impact on latency: each saved activation bit reduces
the MVM latency by one cycle. In contrast, weights affect
latency more indirectly: larger bit widths increase the number
of weight bit slices, which may no longer fit on the crossbar
and can lead to additional crossbar writes and compute cycles.

Another observation is that the activations of the first half
of the Conv2D layers are quantized more aggressively than
those of the second half. These layers use fewer weights and
thus require fewer crossbar write operations. At the same time,
they perform more MVMs than later Conv2D layers. Reducing
activation bit width therefore speeds up the front layers more.

To compare the constraint strategies, we analyze their effect
on the speedup and accuracy loss trade-off. Both values are
given relative to the 8 bit baseline used in other CIM compilers.
Figure 8 shows the results for ResNet-18. The top row uses
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Fig. 8: Speedup and top-1 accuracy loss for ResNet-18 in
comparison to the 8bit baseline for different cell resolutions.
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Fig. 9: Latency (in s) for MPQ model and speedup against the 8 bit baseline for each layer of ViT-B/32 with r.e = 4 bit.

4 bit cells, the bottom row 2 bit cells. Accuracy loss is similar
for both resolutions, but speedup is slightly higher for 2 bit
cells in all cases except when both constraints are applied.
This is plausible because the latency also depends on the bit
width of the weights: for rcen = 4bit, only a weight bit
reduction from 8 bit to 4 bit improves the latency, whereas for
reell = 2 bit, each reduction of 2 bit increases the speedup.

For 4bit cells, the highest speedups occur with weight
constraints or both constraints, reaching over 2.20x. For 2 bit
cells, the best speedups are achieved without constraints or
with weight constraints. Accuracy loss, however, is lower
with input/output or both constraints, in the best case only
—0.536 %. To capture this trade-off, we define the S/AL score
as the ratio of speedup to absolute accuracy loss:

Speedup compared to 8 bit NN
|Accuracy loss compared to 8 bit NN|

S/AL = (10)

Table IV lists the S/AL scores for ResNet-18 with 2 bit and
4 bit cells. Without constraints, the score is lowest. Applying
both constraints yields the highest score. This confirms that
constraints help to reduce the search space and lead to finding
better quantization parameters.

TABLE IV: ResNetl8: S/AL score in % (higher is better).

\ No constraint ~ Input/Output ~ Weight  Both
2 bit | 2.573 (worst)  2.867 2.798 3.373 (best)
4 bit | 1.920 (worst)  2.884 2.575 2.924 (best)

C. Comparison Against Related Work

Finally, we evaluate our approach against state-of-the-art
8 bit solutions discussed in Section II. Since most of the 8 bit
compilers operate at a 4 bit cell resolution, our comparison fo-
cuses on this configuration. Moreover, we use both constraints
in the following because this strategy delivered the best results
in the previous experiments. Direct, one-to-one comparisons
are not possible because many compilers are either closed
source or incapable of executing complete NNs. To address
this, we use 8bit workloads on our own compiler as a
proxy reference while adopting the key compiler optimizations
described in [17]. Specifically, we assume maximal weight
reuse, which is considered the most effective strategy for
minimizing costly crossbar rewrites (see Section IV-B).

First, we analyze the results presented in Figure 9, which
illustrate the execution latency and speedup against the 8 bit

baseline for each individual layer of the ViT-B/32 model. The
speedup shows that the latency is consistently reduced across
most layers. Due to the applied constraints, the first layer is not
quantized beyond 8 bit. Here, Dense layers have higher latency
than MatMul layers, so their weights are reduced to 4 bit, while
most MatMul layers remain at 8 bit. Dense layers performing
dimensionality reduction in the Multi-Layer Perceptron (MLP)
block dominate latency due to their large number of weights.
In the second half of the model, their inputs can be reduced
to 3 bit, explaining the high speedups in layers 37, 55, and 67.

For all benchmarks, our MPQ models deliver substantial
speedups over the 8 bit baseline. The results are summarized in
Table V. For VGG16, our approach yields the highest speedup
of 2.48x, with an accuracy loss of only 0.086 %. Across all
NN, we consistently achieve speedups of at least 2.20x, while
the maximum accuracy degradation does not exceed 2.140 %.

TABLE V: Results: Comparison against 8 bit execution.

‘ Speedup  Accuracy loss (%) S/AL score (%0)
ResNet-18 2.37 —0.812 2.924
VGGI16 2.48 —0.086 28.862
ViT-B/32 2.20 —2.140 1.028

VI. CONCLUSION

In this work, we introduced a MPQ training and compilation
framework for RRAM-based CIM accelerators. We first ex-
tended and improved the HAQ framework to create CIM-AQ, a
reinforcement learning-based optimizer that explores the large
MPQ search space for CIM architectures. CIM-AQ balances
latency and accuracy. We also introduced constraint strategies
to further improve search efficiency. Our experiments with
ResNet-18, VGG-16, and ViT-B/32 on ImageNet demonstrate
that, in the best case, the proposed approach achieves up to a
2.48x speedup over existing 8 bit compilers, with an accuracy
loss of only 0.086 %. These results confirm that our MPQ
framework can significantly reduce inference latency on CIM
while preserving high accuracy.

At this stage, the observed accuracy losses stem solely from
quantization effects. Future work will extend the framework
to also include crossbar non-idealities in the training process.
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