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Abstract In recent years, artificial intelligence (AI) has experienced rapid development, and high performance computing (HPC) has

raised increasingly higher demands for hardware computational capacity. Resistive random-access memory (RRAM)-based computing-

in-memory (CIM) technology is expected to overcome the bottleneck of memory wall and provide HPC solutions. However, CIM chips

face critical thermal challenges, including severe hotspot formation and thermally induced performance degradation, due to increasing

power density and strong data-space coupling effects. Existing thermal management solutions designed for conventional digital chips are

not directly applicable to CIM architectures. In this work, we propose a comprehensive framework for thermal analysis and management

tailored to CIM chips. Targeted strategies are developed across the design, pre-operation, and operation stages. During the design stage,

it is essential to mitigate thermal-induced accuracy degradation by adopting optimized design strategies. During the pre-operation stage,

we propose a latency-thermal co-optimization (LTCO) strategy for static thermal management. By combining LTCO with a genetic

algorithm to optimize the neural network mapping scheme, we reduce the hotspot temperature by 6.5◦C and the temperature standard

deviation by 5.3◦C, without increasing the latency. During the operation stage, we develop a dynamic thermal management (DTM)

strategy tailored for RRAM-based CIM chips, considering their unique architecture and the coupling between data and space. The

evaluation results show that when thermal management is triggered, the combination of LTCO and DTM achieves more than a 10%

performance improvement over DTM alone.
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1 Introduction

AI technologies, such as large language models (LLMs), autonomous driving, and intelligent assistants, have devel-
oped rapidly in recent years [1–3], leading to significantly higher demands for computational capabilities in hardware
devices [4]. However, the development of integrated circuits has been constrained by bottlenecks such as the mem-
ory wall and power wall, making it challenging to sustain computational growth through traditional scaling down
of circuit dimensions [5–7]. In the conventional von Neumann architecture, the physical separation of memory and
computation results in significant power consumption and latency consumption due to frequent data transfers, a
phenomenon known as the memory wall [8–10]. Currently, the latest advancements in chip technology include the
use of 2.5D and 3D advanced packaging techniques, exemplified by products like NVIDIA’s A100 and H100 [11,12].
These technologies help reduce the physical distance between computation and memory, alleviating the limitations
imposed by the memory wall [13–15]. Furthermore, the computing-in-memory (CIM) technology based on emerging
non-volatile memory (eNVM) devices, such as resistive random-access memory (RRAM), integrates memory and
computation functions within a single device [16–18]. A lot of studies have demonstrated in-memory computing on
RRAM-based CIM chips, showcasing their great potential for future high-performance and energy-efficient comput-
ing systems [19–25]. Moreover, CIM technology is considered one of the most promising solutions to overcome the
memory wall [26].

However, the power wall significantly limits the performance of CIM chips. Studies indicate that chips typically
operate at temperatures between 85◦C and 100◦C, and even a 10◦C increase beyond this range, operational reliabil-
ity of electronic chips can decrease by as much as 50% [27]. Although CIM technology offers higher energy efficiency
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compared to traditional chips [28,29], it still faces the power wall constraint in high-performance computing appli-
cations, and the power density of CIM chips has been increasing rapidly in these years [30]. During the calculation
process of matrix-vector multiplication, the RRAM arrays will be fully opened in parallel [31–34], causing high local
power and high local temperatures. And thermal issue becomes even more severe under 2.5D and 3D advanced
packaging technologies [35]. Without effective thermal management technology, CIM chips will be damaged by
high temperatures. Meanwhile, RRAM-based CIM technology falls within the analog computing paradigm, and
the precision and reliability of RRAM-based CIM chips are sensitive to temperature [36, 37]. Furthermore, edge
applications represent an important scenario. When used outdoors, the high environmental temperature will signif-
icantly increase the difficulty of thermal management. Therefore, it is of great importance to find effective thermal
management technology for RRAM-based CIM chips.

There are various thermal management solutions, for example, dynamic voltage and frequency scaling (DVFS) [38],
task allocation [39], and memory access control [40]. CIM chips have a fundamentally different computational
architecture, and the thermal management solutions designed for digital chips are not suitable for the thermal man-
agement of CIM chips. Existing related studies mainly focus on thermal modeling for RRAM devices and thermal
simulation for CIM chips. Some compact models have been proposed for RRAM devices, such as the compact model
about temperature coefficient of RRAM conductance [36], retention characteristics of RRAM [37] and an endurance
model that accounts for temperature effects [41]. Some existing studies focus on thermal modeling of CIM chips
and evaluation of temperature effects on chip inference accuracy and reliability [42–44]. Thermal management for
search-based in-memory acceleration has also been proposed [45], when RRAM-based hybrid memory cube is used
for storage of data vector. However, thermal management solutions for RRAM-based CIM chips are still missing.

In this work, we present a unified framework aimed at addressing the thermal challenges of RRAM-based CIM
chips, focusing on issues such as hotspot formation, thermally induced performance loss, and data-space coupling.
Targeted optimization strategies are devised for three critical phases: chip design, pre-operation, and operation.
During the design phase, thermal-induced accuracy degradation is mitigated through architectural optimizations. In
the pre-operation phase, a latency-thermal co-optimization (LTCO) method is introduced, where a genetic algorithm
is applied to optimize neural network mapping. This approach lowers the hotspot temperature by 6.5◦C and reduces
the temperature standard deviation by 5.3◦C, without incurring additional latency. For the operation phase, a
dynamic thermal management (DTM) strategy is developed, specifically adapted to the unique characteristics
and data-space interaction of RRAM-based CIM architectures. The evaluation results show that when thermal
management is triggered, the combination of LTCO and DTM achieves more than a 10% performance improvement
over DTM alone.

2 Background

The human brain performs highly complex computations with remarkable energy efficiency, utilizing 1011 neurons
and 1015 synapses [46]. As shown in Figure 1(a), RRAM is similar to biological synapses in that it can change
its state through ion movement and process analog signals [27, 34]. RRAM is one type of eNVM device with
a simple sandwich structure, including a top electrode (TE), a resistive switching layer, and a bottom electrode
(BE). It can also be integrated into the back end of CMOS technology. The RRAM used in this study is the
TiN/HfOx/TaOy/TiN memristor. As shown in Figure 1(b), parallel computations can be performed based on
Ohm’s law and Kirchhoff’s law. We designed a multi-level architecture for the RRAM-based CIM chip used in
modeling. As Figure 1(b) shows, the CIM chip includes nine tiles, an I/O interface and DTM modules. These
modules are all connected via the data bus. The chip exchanges data with the external device via the InOut
interface module and performs thermal management through the DTM module. Every tile houses four processing
elements (PEs) and corresponding peripheral modules, including SRAM buffer, pooling, activation function, shift
and adder, tile controller, and more. Each PE consists of an RRAM array crossbar with peripheral circuits, such
as digital-to-analog converters (DACs) and analog-to-digital converters (ADCs), and others. Each PE is equipped
with a temperature sensor. Joule heat is primarily dissipated into the environment through the upper side and the
thermal resistance is set at 4.92 cm2

·K/W, while the four sides and bottom dissipate very little heat and thermal
resistance is approximated as adiabatic. The ambient temperature is assumed to be 26.85◦C. In addition, the die
size is 10 mm × 10 mm. The die material is silicon. And the operating clock frequency is 100 MHz. The thermal
simulations were performed with our in-house tool developed on the MATLAB platform, as detailed in [36].

In recent years, CIM technology has been widely studied and many chips have been developed [47–52]. CIM chips
have evolved from multiple array-level demos to macro-level demos and are now progressing toward full system in
one chip designs. CIM technology has the potential to address the memory wall, making it a popular choice for AI
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Figure 1 (Color online) Principles and applications of RRAM-based CIM chips. (a) Motivations for using RRAM in neuromorphic computing.

RRAM devices can process analog signals similar to neural synapses. (b) RRAM array and CIM architecture. Based on Kirchhoff’s law and

Ohm’s law, RRAM arrays can perform parallel computations just like the human brain. (c) Applications of RRAM-based CIM chips, including

motion control, image classification, brain-machine interfaces, and more.

Table 1 Parameters of RRAM devices.

Parameter Value

Material TiN/HfOx/TaOy/TiN

Conductance range 2–20 µS

Conductance states 16

Table 2 Parameters of the CIM chip.

Parameter Value

Die size 10 mm × 10 mm

Material Silicon

Clock frequency 100 MHz

Thermal resistance 4.92 cm2·K/W

Ambient temperature 26.85◦C

applications (Figure 1(c)), including motion control [53], image classification [54, 55], image reconstruction [56, 57],
brain-machine interfaces [58], homomorphic encryption [59], physical reservoir computing [60], and more.

The CIM chip in this work uses HfOx-based analog RRAM devices and the corresponding parameters are listed in
Table 1. Conductance range of RRAM device is between 2 and 20 µS, and each RRAM device has 16 independent
conductance states. Thermal simulation parameters of the chip are listed in Table 2. The parameters for the
RRAM device and the RRAM-based CIM chips used in this work are extracted from a real 28 nm CIM chip, as
referenced in [36]. While variations in materials and architectures may lead to differences in specific parameters for
RRAM-based CIM chips, the approach proposed in this study is broadly applicable.
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Figure 2 (Color online) Framework of thermal analysis and management. (a) The thermal issues in RRAM-based CIM chips are categorized into

three aspects, including local hotspots, thermally induced performance degradation and data-space coupling. (b) Proposed thermal optimization

and management methods across three stages: design stage, pre-operation stage, and operation stage. (c) The core modules involved in the

optimization schemes include accuracy simulation, thermal simulation, and latency simulation.

3 Framework of thermal analysis and management

In recent years, the CIM technology has developed rapidly. However, the thermal issues in RRAM-based CIM
chips are becoming increasingly severe. First, the temperature distribution within the RRAM-based CIM chip is
non-uniform. As a typical PE in the CIM architecture, the RRAM array is surrounded by ADCs and DACs. On the
one hand, PEs account for over 70% of the power consumption, yet occupy less than 20% of the chip area, resulting
in high local power and high local temperatures in the PE area. On the other hand, thermal crosstalk between PEs
leads to even higher local temperatures. Second, both the characteristics of RRAM devices and the overall chip
performance are sensitive to temperature. The conductance of the analog RRAM device drifts with temperature. In
particular, when analog devices are used to represent multiple bits, the conductance drift leads to degradation of the
computing accuracy of CIM chips. High temperature also reduces the retention time of RRAM devices. As a result,
the computing accuracy of CIM chips decreases with time under high temperatures. Finally, data-space coupling
exists in the computing of CIM chips. The parameters of the neural network are mapped to different RRAM arrays
on the chip before inference computation begins. The data stored in each RRAM array typically does not change
during computation. Furthermore, the entire neural network must complete its computation across the chip before
the final results can be obtained. Data-space coupling significantly complicates thermal management.

To address these issues, we propose a comprehensive framework for the thermal analysis and management of
RRAM-based CIM chips. As shown in Figure 2, the framework is composed of three sections. Figure 2(a) identifies
the major challenges encountered by current CIM chips, including local hotspots, thermally induced performance
degradation and data-space coupling. Figure 2(b) proposes targeted solutions across the three key phases of chip
development, including the design, pre-operation, and operation stages. Figure 2(c) summarizes the primary simu-
lation modules utilized for each solution outlined in Figure 2(a).

The proposed framework integrates accuracy, thermal, and latency simulators. The accuracy simulator is imple-
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mented as a neural network program trained on the Python platform, which is used to evaluate inference accuracy.
The thermal simulator is an in-house tool developed on the MATLAB platform for three-dimensional thermal anal-
ysis of RRAM-based CIM chips. More detailed descriptions of the thermal modeling framework for RRAM-based
CIM chips can be found in our previously published work [36]. The latency simulator, also developed on the
MATLAB platform, estimates task execution time by considering factors such as data flow, bandwidth, and neural
network architecture.

During the design stage, thermal optimization of the CIM chip performance can be performed based on inference
accuracy simulations and thermal simulations. The compact model of RRAM devices describes how device charac-
teristics vary with temperature and enables the integration of temperature distributions from thermal simulations
with neural network parameters mapped onto CIM chips. This allows analysis of device- and chip-level performance
degradation caused by temperature. Design optimization is then conducted at multiple levels—including device,
circuit, and chip architecture—to mitigate heat-induced performance loss.

Lowering the operating temperature can reduce conductance drift and thus mitigate accuracy loss. In our previous
study [44], reducing the temperature from 87◦C to 77◦C decreased the accuracy loss by 5.8%; nevertheless, the overall
degradation remained at 61.7%. To address this, prior studies [36,44] proposed thermal-aware and ADC quantization
correction techniques, which reduced accuracy loss to below 1.4%. In addition to the discussions in [36,44] regarding
the impact of temperature-induced conductance drift on inference accuracy and corresponding correction methods,
our earlier study [37] investigated the effect of elevated temperatures on RRAM retention characteristics and
system-level inference accuracy. Given these detailed prior studies, this paper focuses on the refinement of thermal
management architecture, where temperature-induced accuracy loss and corresponding optimization strategies are
considered during the design stage.

During the pre-operation stage, both latency and thermal simulations can be jointly optimized to achieve the
best performance in terms of both latency and temperature. The emergence of hotspots in RRAM-based CIM
chips is primarily attributed to the high local power consumption of PEs and thermal crosstalk between them.
Typically, mapping schemes optimized solely for latency tend to concentrate power consumption, leading to higher
local hotspots. Conversely, schemes focused purely on thermal optimization often neglect latency considerations,
resulting in unacceptably high delays. In this work, we propose an LTCO strategy, which integrates latency and
thermal simulations using a genetic algorithm to achieve a balance between latency and thermal performance.

During the operation stage, thermal and latency simulations are used to design effective dynamic thermal man-
agement strategies. The difficulty of thermal management in RRAM-based CIM chips during actual operation
mainly stems from data-space coupling—the parameters mapped onto the chip remain fixed in location during
computation, and a full pass over all data is required to produce results. When the chip temperature becomes
excessively high and thermal management actions must be taken, significant performance loss often occurs. To
address this issue, we have developed a DTM strategy specifically for RRAM-based CIM chips. This approach
enables thermal management with minimal performance degradation when managing overheating scenarios.

4 Static thermal management

4.1 Introduction of LTCO

In the pre-operation stage, we need to map parameters of the NN onto RRAM arrays on the CIM chip. During
the inference operation stage, the parameters mapped on RRAM arrays are not adjusted, as such adjustments
would consume significant time. The formation of hotspots in RRAM-based CIM chips largely results from the
high localized power consumption of PEs and the associated thermal crosstalk. To achieve optimal latency, the
parameters of each layer of the neural network are usually mapped to nearby RRAM arrays. Latency-optimized
mapping strategies often exacerbate this issue by concentrating power in specific regions, thereby intensifying local
hotspots. On the other hand, strategies aimed solely at thermal optimization tend to disregard latency constraints,
leading to unacceptable increases in delay. To address these challenges, we propose an LTCO strategy for static
thermal management, aimed at reducing hotspot temperatures and improving temperature uniformity across the
CIM chip. Built upon a genetic algorithm framework, LTCO simultaneously considers both latency and thermal
performance in RRAM-based CIM chips. This approach effectively avoids the latency penalties often associated with
purely thermal-driven optimization, while also mitigating the severe hotspot issues that arise from latency-focused
strategies. Furthermore, we have tailored the algorithm to accommodate the unique characteristics of RRAM-
based CIM architectures, ensuring rapid convergence and practical applicability. The flow of the LTCO method is
displayed in Figure 3(a). A classical ResNet-18 [61] is used to classify the CIFAR-10 dataset, demonstrating the
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Figure 3 (Color online) The flow and evaluation results of static thermal management LTCO. (a) The flow of the LTCO method; (b) the weight

arrangement of one mapping scheme before optimization; (c) the weight arrangement of the optimized mapping scheme; (d) the temperature

map of the mapping scheme before optimization; (e) the temperature map of the optimized mapping scheme; (f) comparison of the standard

deviation of temperature; (g) comparison of maximum temperature; (h) comparison of latency.

application of this method.

During the initialization phase, we analyze the neural network’s parameter characteristics and generate an initial
set of mapping schemes. As different layers, each with varying parameter sizes, are assigned to different PEs,
the number of active ADCs, DACs, and RRAM devices changes accordingly, resulting in power consumption
differences across PEs. A key design principle is to map layers with large numbers of parameters into a single PE
whenever possible. For instance, in ResNet-18, three layers contain particularly large parameter sets, each requiring
distribution across four PEs. To minimize latency, it is preferable to place all PEs associated with a single layer
within the same tile when feasible.

The subsequent optimization process involves selection, crossover, and mutation operations. Mutation is per-
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formed by swapping the positions of two PEs mapped by different layers, while crossover exchanges the positions
of multiple PEs simultaneously. In each iteration, either a crossover or a mutation is conducted. Considering
the architecture of RRAM-based CIM chips and the characteristics of the ResNet-18 model, layers occupying the
same number of PEs and exhibiting similar power consumption are grouped together. Swapping their positions
typically yields little thermal benefit but may negatively impact latency. To expedite convergence, layers with high
power consumption and spanning multiple PEs are first fixed in position, while adjustments are made only to the
remaining layers.

Following initialization, we perform both latency and thermal simulations. Each candidate mapping is evaluated
using our developed thermal simulator to determine the maximum temperature across the chip. Latency simulation
assesses communication delays based on bus bandwidth and total data throughput. To further accelerate the
optimization, latency simulation is conducted first. If a candidate mapping results in latency exceeding a predefined
threshold, thermal simulation is skipped and the associated mutation is discarded, retaining the previous mapping.

Finally, a decision is made after each iteration. If a mapping scheme achieves a lower maximum temperature
without increasing latency, it is accepted; otherwise, the previous scheme is preserved. Iterations are terminated if no
improvements are observed over several consecutive attempts. The final optimized mapping scheme is then selected
from the resulting candidates, along with its corresponding temperature map and estimated latency. The overarching
goal of the LTCO approach is to optimize the temperature distribution of the RRAM-based CIM chip without
introducing additional latency. To further enhance convergence efficiency, the optimization process incorporates the
power distribution characteristics of neural network layers and the symmetry of the chip architecture.

4.2 Evaluation results

To evaluate the effectiveness of the proposed LTCO method, we employ a classical ResNet-18 model to classify the
CIFAR-10 dataset. An initial set of weight mapping schemes is generated, with one example shown in Figure 3(b).

Prior to optimization, weights are mapped sequentially according to the layer order. This approach achieves
relatively low latency. However, it leads to unfavorable thermal characteristics. Specifically, layers with high power
consumption are placed adjacent to each other, as are layers with low power consumption, resulting in a maximum
chip temperature of 95.3◦C, as illustrated in Figure 3(d). On one hand, this temperature exceeds the safe operating
limit of 85◦C. On the other hand, the thermal map reveals significant non-uniformity, creating large temperature
gradients that could induce mechanical stress and jeopardize the reliable operation of the CIM chip.

After applying the LTCO optimization, the weight distribution is adjusted to jointly consider latency and thermal
performance. As depicted in Figure 3(c), layers with higher power consumption are spread more evenly across the
chip and placed closer to low-power digital regions, while still maintaining the proximity of adjacent layers to preserve
low latency. Although further dispersing high-power layers could further reduce the peak temperature, it would
cause an unacceptable increase in latency. Post-optimization, the temperature distribution becomes significantly
more uniform. As shown in Figure 3(e), compared to the initial mapping, the LTCO method reduces the standard
deviation of the temperature by 5.3◦C (Figure 3(f)) and lowers the maximum temperature by 6.5◦C (Figure 3(g)),
all without increasing the overall latency (Figure 3(h)). Specifically, during static thermal management, only the
parameter mapping strategy is adjusted, while the total power consumption, boundary conditions, and chip material
properties remain unchanged. The primary change occurs in the spatial distribution of power across PEs. Before
optimization, PEs with high power density tend to cluster together, as do PEs with low power density. This
clustering results in local hotspots and significant on-chip temperature gradients. Following optimization, while
maintaining latency constraints, the power distribution among PEs becomes more uniform, effectively reducing
hotspot temperatures and mitigating on-chip thermal variations.

Further insights into the construction of the LTCO approach are as follows. Three key factors contribute to the
feasibility of latency-thermal co-optimization. First, if the number of available arrays on the chip exceeds the number
required by the neural network, the redundant arrays can be strategically utilized to optimize thermal distribution
without affecting latency. Second, the CIM architecture exhibits inherent symmetry, where tiles are interconnected
via a common bus. Thus, altering the data mapping among tiles can change the thermal profile without impacting
communication latency. Third, although the four PEs within each tile are equivalent from a latency perspective, they
differ thermally. This asymmetry allows additional flexibility in optimizing the temperature distribution. Together,
these factors enable effective temperature optimization without sacrificing latency in RRAM-based CIM chips.
Additionally, in this work, our primary focus is on optimizing the temperature profile, with latency constrained
to remain unchanged. If desired, the LTCO convergence conditions could be modified to require simultaneous
reductions in both latency and temperature, allowing for further overall performance improvements.
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Figure 4 (Color online) The method of dynamic thermal management. (a) Architecture of DTM; (b) schematic diagram of idle time control;

(c) the switching control of PEs.

5 Dynamic thermal management

5.1 Introduction of DTM for CIM chips

During the operational stage, when the maximum temperature of RRAM-based CIM chips exceeds the safe oper-
ating threshold, effective thermal management becomes critical to maintain reliable chip function while minimizing
performance degradation.

Traditional thermal management techniques for digital chips typically involve adjusting voltage and frequency
settings or redistributing workloads across computational cores to balance temperature profiles. However, such
methods are unsuitable for CIM chips. Modifying voltage and frequency during operation would lead to significant
performance losses. And CIM chips generally operate in a fixed mode, executing the same task repeatedly without
dynamic workload variation.

RRAM devices offer unique advantages in this context. As non-volatile memory elements, RRAMs retain stored
data even when the chip is powered off and restarted. Moreover, RRAM-based CIM chips often process discrete
tasks, such as image recognition, where controllable time intervals between tasks are acceptable and do not com-
promise task accuracy or system throughput.

Leveraging these characteristics, we propose a DTM technique specifically designed for RRAM-based CIM chips,
as illustrated in Figure 4(a). Each PE is equipped with a temperature sensor, and temperature readings are
transmitted via the data bus to a centralized DTM unit. Two temperature thresholds are defined: Thot, representing
the upper safe temperature limit (typically set to 85◦C), and Tcool, a lower threshold (typically 80◦C). These
thresholds are adjustable to prevent excessive system response to minor temperature fluctuations.

As shown in Figure 4(b), if the measured maximum temperature (Tmax) exceeds Thot, the system increases the
idle interval between two adjacent batches of computation. This effectively reduces the average power consumption
and lowers the maximum temperature of the chip. Conversely, if Tmax falls below Tcool, the system shortens the idle
time, allowing higher average power consumption and thus improving computational performance. As operationally
shown in Figure 4(c), after each batch of computation is completed, the system enters an idle phase during which
PEs that have finished processing are sequentially powered down. At the end of the idle period, PEs are sequentially
reactivated to resume data computation. This approach successfully lowers the average power consumption of the
chip during overheating events while minimizing disruption to the normal data flow.
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Figure 5 (Color online) Results of dynamic thermal management. (a) Maximum temperature of DTM; (b) speedup of RRAM-based CIM

chips.

5.2 Analysis of test results

As shown in Figure 5(a), the maximum temperature curve of the CIM chip, using the proposed DTM for CIM,
remains generally smooth. When the temperature reaches 85◦C, the system responds promptly by adjusting the
idle time multiple times to maintain the chip’s operation near the maximum safe temperature, without causing
power fluctuations. When both the LTCO and DTM for CIM chips are used, the maximum temperature is further
reduced, and the duration of DTM operation is shorter compared to when LTCO is not applied.

Next, we evaluate the throughput of the CIM chip under different thermal management schemes. Three neural
networks—ResNet-18, ResNet-16, and 4-Layer CNN—are selected for analysis. We compare three scenarios: using
the proposed DTM for CIM chips alone, using the ADC-based DTM scheme, and combining the DTM for CIM chips
with LTCO. The ADC-based DTM scheme regulates the chip temperature by adjusting the number of activated
ADCs, thereby modulating both the power consumption of the ADCs and that of the associated RRAM arrays.
The number of active ADCs directly determines the computational parallelism of the chip; consequently, reducing
the number of active ADCs inevitably prolongs the execution time of a given task. This trade-off between thermal
regulation and computational throughput characterizes the dynamic behavior of the ADC-based DTM scheme.

Given the significant architectural differences among the neural networks, the threshold temperatures for ac-
tivating thermal management are set to 85◦C, 55◦C, and 55◦C for ResNet-18, ResNet-16, and the 4-layer CNN,
respectively. The corresponding thermal management periods are configured as 9:00–18:00, 10:00–17:00, and 12:00–
15:00. The number of tasks completed under each scheme is then evaluated and compared. During the specified
time intervals, the absence of any thermal management scheme causes the chip hotspot temperature to exceed
the threshold. This results in a forced shutdown and prevents completion of the computational tasks. Therefore,
only the number of tasks completed under different DTM schemes is compared. This comparison highlights the
trade-off between computational throughput and thermal regulation achieved by the proposed DTM schemes. As
shown in Figure 5(b), for the three neural networks—ResNet-18, ResNet-16, and 4-Layer CNN—the proposed DTM
for CIM chips achieves higher throughput than the ADC-based DTM, with improvements of 59%, 89%, and 85%,
respectively. Moreover, when the proposed DTM is combined with the LTCO scheme, the throughput is further
improved by 15%, 29%, and 13%, respectively, compared to using the DTM for CIM chips alone.
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6 Conclusion

In this work, we propose a comprehensive framework to tackle thermal challenges in RRAM-based CIM chips.
The framework addresses key issues, including hotspot formation, thermal-induced performance degradation, and
data-space coupling. We introduce targeted optimization strategies across three stages: design, pre-operation, and
operation. At the design stage, optimized architectural strategies are employed to minimize accuracy loss caused
by thermal effects. For the pre-operation phase, we present a latency-thermal co-optimization approach, combining
static thermal management with a genetic algorithm to refine neural network mapping. This reduces hotspot
temperatures by 6.5◦C and lowers temperature standard deviation by 5.3◦C without latency overhead. During
operation, we develop a dynamic thermal management technique. When thermal management is triggered, the
combination of LTCO and DTM achieves more than a 10% performance improvement over DTM alone.
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