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Adaptive Computing in Memory Meets Conventional
Batteryless Platforms

KHAKIM AKHUNOV, Department of Information Engineering and Computer Science, University of
Trento, Trento, Italy and imec, Leuven, Belgium

KASIM SINAN YILDIRIM, Department of Information Engineering and Computer Science, University of
Trento, Trento, Italy

JONGOUK CHOI, Department of Computer Science, University of Central Florida, Orlando, United States
CHANGHEE JUNG, Computer Science, Purdue University, West Lafayette, United States

Computing In-Memory (CIM) with emerging nonvolatile memory (NVM) technologies is promising for
batteryless systems since it removes the need for explicit backup and energy-hungry data transfer between
the processor and memory. However, existing CIM solutions are not effective in accelerating memory-bound
inference tasks efficiently on batteryless systems. They operate at relatively low frequencies, complicate
application development, and do not consider energy harvesting dynamics to optimize their throughput. To
address the issues, this article presents a novel CIM-based batteryless computing platform, called Viadotto,
that provides efficient and adaptive acceleration for memory-bound computing workloads. Viadotto meets
adaptive CIM and microcontroller-based (MCU-based) conventional batteryless platforms for the first time.
Basically, Viadotto exposes a programming model supported by its compiler and a pipelined memory controller,
which hides low-level CIM operations from applications. Furthermore, its runtime issues CIM operations in
an energy-efficient manner and optimizes throughput in a programmer-transparent way by adapting CIM
parallelism to react to ambient power dynamics. Our evaluation shows that Viadotto outperforms existing
CIM solutions for batteryless systems by 48%.
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1 Introduction

Over the past decade, researchers have enabled eco-friendly and low-power solutions for Internet
of Things (IoT) by developing batteryless energy-harvesting devices [3]. Such energy-bound edge
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devices are increasingly used in environmental monitoring, wildlife tracking, and in-situ machine
learning [13, 14, 36, 44, 65]. For instance, animal-borne sensors [31, 67] powered by solar energy
must classify sounds or images in real time to detect species-specific behaviors. Battery-free air
quality monitors [80] embedded in buildings or factories often perform on-device classification using
memory-intensive convolutional neural networks (CNNs). Similarly, agricultural sensors [38,
50] must periodically process high-resolution visual or acoustic data to detect plant health or
pest activity, where a task is often limited by memory bandwidth and energy availability. These
applications are memory-bound due to the size of the input data and models.

These devices operate exclusively by gathering energy from ambient energy sources and storing
the harvested energy in their storage capacitor [2, 12, 26, 28, 58]. Given the spatio-temporal
variability of ambient power, batteryless devices are subject to frequent power failures and cannot
operate continuously. When the capacitor energy is depleted, such devices are power-interrupted
to charge the capacitor and wake up again. That is, the execution is intermittent due to the unstable
nature of energy harvesting. Power failures during program execution can result in the loss of
volatile computational states (e.g., local/global variables and registers), preventing the forward
progress of computation. Batteryless devices rely on nonvolatile memory to back up such states
before a failure occurs, and they restore these states whenever power comes back [20, 83, 90].

Due to frequent power failures in intermittent systems, backing up the computational states
creates significant traffic between the processor and nonvolatile memory, leading to considerable
time and energy overhead [79]. This traffic is exacerbated by memory-bound workloads. The
computing in-memory [33, 66] paradigm creates an opportunity to reduce this traffic by employing
nonvolatile memory as a processing element. In particular, computational RAM (CRAM) is an
emerging memory architecture that can carry out computations inside the memory by directly
setting memory elements to store the output of the logic operations [82]. CRAM with nonvolatile
memory elements is ideal for intermittent computing since it is power-failure resilient, ensuring
that each in-memory operation is failure-atomic [73]. This feature enables the forward progress of
computation on the fly, eliminating the need for explicit backup and energy-hungry data transfer out
of memory. It also facilitates the efficient intermittent execution of memory-bound computational
loads directly in nonvolatile memory with a high degree of parallelism.

Only two recent works utilized CRAM for intermittent computing. Resch et al. [73, 74] have pre-
sented a custom stand-alone chip built using CRAM for machine learning-based energy harvesting
applications. This chip’s primitive memory controller (MC) fetches a low-level instruction from
a dedicated CRAM tile and issues the instruction on the tiles for data. Unfortunately, programming
this chip is a challenge. In particular, programmers need to use their primitive assembly instructions
to manage all the data flow and intermittent processing within tiles at the lowest level, which
makes this design very rigid from a practical point of view. Besides, Akhunov et al. [7, 8] have
proposed a more flexible MCU-based system, which runs the general application tasks and uses
CRAM as an in-memory accelerator for data-intensive operations. Programmers use high-level C
language interfaces to map memory-bound tasks into this accelerator. However, they still need to
manually keep track of data allocation and computational flow on tiles, complicating application
development significantly. Furthermore, the architecture involves a second MCU as an MC for
CRAM, much more power-consuming than the CIM hardware (by multiple orders of magnitude).

Another problem with the mentioned solutions is their inefficiency in terms of throughput.
Firstly, they are limited to operating at relatively low frequencies due to their restricted MCs.
Besides, they do not consider energy harvesting dynamics to optimize their throughput. Adaptation
and response to energy harvesting dynamics are essential to intermittent computing systems. For
instance, activating more CRAM tiles to increase the degree of parallelism might lead to more
frequent power failures, decreased throughput, and even no computational progress when the
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Fig. 1. Viadotto comprises a CRAM with API-drive processing elements, an MC, and an MCU. The MCU
controls peripherals and offloads the macroinstructions that represent data-intensive computational tasks on
CRAM through the MC. The MC receives macroinstructions and executes them intermittently on CRAM.

ambient power is low. Similarly, when the ambient power is high, there is an opportunity to activate
more tiles to perform more tasks and increase the throughput.

In short, existing CIM solutions targeting batteryless systems are promising initial steps; how-
ever, they are still far behind in providing energy-efficient and effective intermittent acceleration
for memory-bound computing tasks, e.g., machine learning inference. Hence, their practicality
and, in turn, widespread adoption are major concerns. This calls for a new CIM solution that
can handle three main challenges while ensuring transparency by concealing complexity from
applications. These challenges are (Ch1) managing space allocation and dataflow on CRAM to
provide full programming flexibility and transparency, (Ch2) optimizing throughput by adapting
tile-level parallelism to react to ambient power dynamics, and (Ch3) integration of emerging CRAM
technology into conventional MCU-based batteryless platforms via an efficient hardware interface.

This article introduces Viadotto, the first CIM-based batteryless computing platform that offers
efficient and adaptive acceleration for memory-bound computing workloads. Viadotto uniquely
combines adaptive CIM and MCU-based conventional batteryless platforms, bringing them to-
gether for the first time. As depicted in Figure 1, Viadotto comprises an MCU, which executes
general-purpose computational and sensing tasks using de facto backup strategies for intermittent
computing. While programmers interact with Viadotto through its high-level API-based program-
ming model, mapping memory-bound tasks from their C programs into CRAM, the platform
seamlessly handles the low-level logic. This is achieved by Viadotto’s runtime library, which is
automatically linked with the application binary produced by the Viadotto compiler. The compiler
abstracts the low-level CIM operations by generating optimized versions of the CRAM code that
take advantage of tile-level parallelism. This approach enables the system to adapt dynamically to
varying ambient power conditions by selecting the most performant code version based on the
available power. The intricacies of data flow management and low-level operations in CRAM are
managed by Viadotto’s power failure-resilient MC, ensuring reliable execution even during power
interruptions. Our simulation-based evaluation against the state-of-the-art showed that Viadotto
outperforms the existing CIM solutions for intermittent computing by 48% in terms of inference
throughput.

In summary, Viadotto presents the following key novelties:

(1) Viadotto is the first end-to-end sensing platform that integrates emerging CIM technology with
conventional MCU-based batteryless computing.

(2) Viadotto’s unique power failure-resilient MC bridges conventional MCU-based intermittent
computing and CIM. It enables the pipelined execution and improves the operating frequency by
more than 3x compared to existing intermittent CIM solutions.
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(3) Viadotto is the first that dynamically controls the tile-level parallelism to improve throughput
under irregular ambient power and reduce the number of power failures.

(4) Viadotto is the first, thanks to its compiler, MC, and runtime, to expose a high-level programming
interface that enables programmers to accelerate their memory-bound tasks intermittently
without having to deal with intricate CIM operations and adaptation logic.

2 Batteryless Compute-In-Memory

Most batteryless systems are built around microcontrollers that incorporate both volatile memory
(e.g., SRAM) and nonvolatile memory in their architecture [28, 41, 47]. In these systems, power
failures are frequent and can interrupt program execution, leading to non-termination if the volatile
state is lost and computation must restart from the beginning [63]. To mitigate this issue, many
systems back up the volatile computational state into NVM before a power outage and restore
it upon recovery. However, this introduces crash inconsistency, where a power failure during a
backup operation may interrupt writes to NVM and leave data in a partially updated state [72].
This is particularly problematic in the presence of Write-After-Read (WAR) dependencies, where
a program reads a value, modifies it, and writes it back. If power fails after the read but before
the write completes, the subsequent recovery may operate on stale or inconsistent data, violating
the expected idempotence of restartable computation [23, 59]. Such consistency issues are further
exacerbated in memory-bound on-device intelligent tasks, which often process data streams or
maintain internal state over time, requiring both precise synchronization between volatile and
nonvolatile memory and robust support for atomic, repeatable operations across intermittent power
cycles.

Several solutions have been proposed to eliminate non-termination and keep NVM consistent
during intermittent execution [19, 21, 23, 62, 64, 76, 88]. For instance, the checkpoints [6, 20, 48, 59,
63, 63,79, 90] back up the current program state in NVM at specific points in the code. In the wake of
power failure, a recovery runtime restores the backed-up state and resumes the power-interrupted
program. One way to trigger checkpoints is to check the energy storage periodically and only back
up when the voltage hits a certain low threshold, known as just-in-time (JIT) checkpoint. In
general, checkpoints introduce a non-negligible time and energy cost due to the traffic between the
processor and NVM. This traffic is exacerbated by the memory-bound on-device intelligence tasks,
which are becoming prevalent in batteryless systems [36, 43, 53, 65]. The reason is that, during
intermittent inference, model parameters and input/output activations are stored in NVM. The
processor needs to bring these values into its registers, perform operations, and write back the
results in NVM. Similarly, control and datapath overheads contribute significantly to the energy
overhead [37].

The CIM paradigm creates an opportunity to process memory-bound inference tasks directly
in NVM efficiently. Moreover, it offers parallelism that cannot be supported by the de facto MCU-
based platforms for batteryless computing. CIM can activate different blocks in NVM to compute
independent computational tasks in parallel. Besides, dynamic ambient power creates an opportunity
to adapt the level of parallelism by consuming excess energy that cannot be stored in small storage
capacitors [4, 6, 16, 61]. In short, CIM has great potential to boost the throughput of intermittent
applications with modern machine learning workloads.

2.1 Prior Works on Computing in NVM

Qui et al. [71] have introduced the first intermittent accelerator for MAC operations built on
top of RRAM crossbars, which is an emerging NVM that offers CIM with resistive memory [17,
91]. Unfortunately, the RRAM crossbar suffers from lower endurance and requires analog-to-
digital converters (ADCs), causing significant area and energy overhead for batteryless systems.
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MOUSE [73, 74] and PiMCo [7, 8] utilize a magnetic tunnel junction (MTJ)-based CRAM, a highly
energy-efficient memory substrate suitable for intermittent computing. CRAM can implement logic
functions (e.g., NOT, BUFF, AND, NAND, OR, NOR, and MAJ3) when predefined voltage values are
applied to its bit lines. CRAM backs up atomically and immediately, ensuring forward progress and
memory consistency—see [73, 92] for more details.

Current batteryless CIM solutions show promise as initial steps. However, they still lag behind
in providing energy-efficient and practical intermittent acceleration for memory-bound computing
tasks. MOUSE does not include an MCU and is a stand-alone application-specific chip based
on CRAM. It allocates different CRAM tiles for program instructions and data. Its MC reads
the instruction tiles and issues the instructions on the target data tiles. It imposes a massive
programming burden due to its restricted architectural design, tile organization, and primitive
instruction set, forcing programmers to explicitly manage all the data flow and parallelism at the
lowest level.

The CIM paradigm is suitable for data-intensive workloads, but MCU is critical to support other
types of tasks, such as resource management, data sensing, preprocessing, and transmitting. PiMCo
introduces a high-level MCU-centered batteryless architecture that uses CIM as an accelerator.
However, this architecture requires manual tracking of data allocation and computational flow on
tiles, complicating application development significantly. Besides, it uses a second MCU as an MC
for CRAM, which is significantly more power-consuming than the CIM hardware.

Both MOUSE and PiMCo have no compilation and adaptation support, which is crucial for
efficient response to sporadic ambient power [6, 15].

2.2 Challenges of Intermittent Computing in NVM

Viadotto addresses the following unique challenges to boost the efficiency of intermittent computing
systems by utilizing CIM via CRAM. (1) Firstly, CRAM requires offloading data to its tiles for
computing in memory and aligning the data in such a way that data movement within its tiles is
minimized while the degree of parallelism is kept high. Since the entire CRAM space is available
both for performing operations and for holding data, CRAM tile allocation and data alignment
policy become a crucial issue. Viadotto’s compiler performs tile allocation so that data allocation
and alignment within the tiles obey a specific layout (see Sections 3.1 and 3.3.2). (2) Secondly,
CRAM requires the processed input and output data to be aligned either vertically or horizontally,
depending on the parallelism approach used: row or column [92]. The reuse of memory space plays a
critical role in seamlessly running complex data-intensive applications despite memory constraints.
Viadotto removes the burden of keeping track of dataflow and logic operations in memory owing
to its MC, microinstructions, and tile layout (see Sections 3.1, 3.2, and 3.3.2). (3) Thirdly, abstracting
away the details of the low-level architecture and making the CRAM as transparent as possible not
only to the developers but also to the varying power and energy availability during CIM operations
is not easy. Viadotto enables full transparency thanks to its compiler run-time adaptation that
supports its high-level programming model (see Sections 3.3 and 3.3.2). (4) Lastly, the mentioned
challenges make integration of the emerging CRAM technology into conventional MCU-based
batteryless platforms even more challenging, preventing the widespread adaption and practicality
of CIM-based intermittent computing. Viadotto overcomes this challenge thanks to its advanced
MC interface (see Sections 3.2).

3 Viadotto: Adaptive Intermittent CIM

Viadotto is the first CIM-based end-to-end batteryless computing platform. It meets adaptive CIM
with conventional batteryless computing, and efficiently accelerates memory-bound workloads.
Viadotto comprises three key components abstracted in Figure 1 and detailed in this section: the
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Fig. 2. In-memory computation flow and the conceptual structure of an individual DPE.

Dataflow Processing Elements (DPEs) on CRAM, the MC, and the MCU—which is the heart of
any embedded device—interfacing several peripherals. The MCU provides a general programming
model that hides the underlying technical details and employs the standard JIT checkpointing to
make forward progress despite power failures while executing the application. It offloads data-
intensive computational tasks to CRAM, which performs energy-efficient parallel computation in
NVM. Viadotto provides a uniform hardware/software interface, achieving seamless connection
between general-purpose MCU and CRAM.

(1) Viadotto structures CRAM tiles as DPEs, which group MT]Js into several tiles and can execute a
set of logical operations in memory. This organization helps to trace the flow of data and operations,
making it effortless to map data-intensive computations to CRAM. (2) MC facilitates programming
flexibility. It is responsible for receiving high-level instructions from the MCU and converting them
into appropriate commands and signals to trigger the necessary operations on the DPEs. It requires
no actions from programmers to handle power failures during computation in memory. The MC and
MCU share the common bus and communicate via memory-mapped registers. (3) With Viadotto’s
compiler and library support, programmers can use a high-level C language supported and need not
deal with low-level CRAM operations. (4) Viadotto enables adaptive control of tile-level parallelism,
allowing the intermittent system to scale with respect to varying dynamic power, thereby increasing
the throughput.

3.1 Microarchitectural Structure of CRAM

In Viadotto, CRAM comprises tiles of uniform size, called DPEs, which have no direct connections
with each other since they are self-sufficient computational blocks (see Figure 2, left-hand side). This
approach sacrifices memory space for redundant data but eliminates the data movement bottleneck
and the necessity of shared data access scheduling. Moreover, the absence of inter-tile wiring frees
the space for CRAM cells. Each DPE is a full-fledged computing unit that can independently work
on an assigned task. When DPEs execute simultaneously, they process different input data but
perform the same CRAM operation at each clock cycle, which simplifies the control path from
the MC. Our design allocates four distinct regions (see Figure 2, right-hand side) within DPE for
specific purposes: to store two operands (blue and gray cells); to perform in-memory computation
(white cells); and to store the result (red cells). This layout simplifies the design and facilitates the
mapping of an application to the DPEs [7].

Dataflow. The arrows inside the DPE depicted in Figure 2 show the data flow during the MAC
(multiply and accumulate) computation. Before starting an operation, the initial data is placed in
the input sections (i.e., two operands). @When an in-memory operation is requested, essential
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showing the flow of data MC, highlighting how macroinstruc- Decoder-Driver (DD) component,

and control between the tions are mapped to low-level control which translates configuration

MCU, MC, and CRAM tiles. sequences. instructions into CRAM activa-
tion signals.

Fig. 3. Overview of Viadotto’s MC.

data from the blue section of activated DPEs is brought and properly aligned in the white cells.
(@Then, the elements of two operands are simultaneously multiplied. At this stage, the intermediate
result appears in a row below (blue-framed) due to column-level parallelism exploited by Viadotto.
(®Next step is lining up the multiplication results in a column to prepare for simultaneous addition.
@The summed-up result again appears at the bottom (yellow cell). GFinally, the result is moved to
the result section. A more detailed dataflow presentation can be found in [7].

Structured Parallelism. Note that the CRAM layout is out of the scope of our work, but thanks
to the flexible MC, other options are possible. We recognize that the current layout of CRAM
allows for different levels of parallelism. First, since our implementation takes advantage of the
column-level parallelism, several bits, bytes, and even words in a row can be processed in parallel.
Second, additional connections between columns in DPEs enable inter-column data transfers, which
is the row-level parallelism. This parallelism helps to copy a block of data between columns at once.
Third, CRAM allows for the simultaneous processing of multiple independent data in different
DPEs. For example, Viadotto can simultaneously apply a convolutional kernel to distinct input
feature maps, employing the tile-level parallelism.

3.2 MC

To efficiently bridge the gap between general-purpose processing and in-memory computing,
Viadotto incorporates a dedicated MC between the MCU and CRAM. Building upon the tile-based
architecture introduced in Section 3.1, the MC orchestrates high-level control of CRAM operations,
abstracting low-level hardware complexity from the programmer and maintaining robustness even
under intermittent power failures discussed in Section 4. The MC enables the MCU to offload
data-intensive tasks by accepting macroinstructions (high-level commands) such as add, multiply,
or memory copy operations. Internally, the MC translates these instructions into sequences of
low-level signals that trigger the corresponding in-memory computations across active DPE tiles.

Figure 3(a) shows the big picture: the MCU communicates with the MC by sending high-level
instructions and data. The MC then configures CRAM and manages dataflow without any program-
mer intervention to handle power failures or synchronization. The main building blocks of the MC
and their functionality are as follows. (1) Register Files (RFs) composed of Instruction RF (IRF)
that holds the high-level operation instructions, Data RF (DRF) that stores input and output data,
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Table 1. High-level Instructions from MCU to MC

Instruction Type High-level Instructions

Tile activate/deactivate cram_tile_enable, cram_tile_disable

Memory Read/Write cram_load_in, cram_load_sd, cram_unload_out

Memory Copy cram_move_out_in

Execute cram_add, cram_mul, cram_relu, cram_maxpool, cram_mac

and Configuration Instruction RF (CIRF) that temporarily stores a configuration instruction
fetched from memory. (2) Configuration Memory (CM) stores predefined configuration instruc-
tion (microinstruction) sequences for in-memory computations such as addition, multiplication,
and MAC, and acts like a lightweight controller firmware that can be easily addressed and triggered.
(3) Helper Circuits include the set of trivial logic circuits to ensure smooth MC functioning. (4)
Decoder-Driver (DD) converts configuration instructions into hardware-level control signals for
the CRAM tiles and ensures synchronized execution across active DPEs. The blocks in blue are non-
volatile storage (either registers [77, 86] or memory [42]) to enable the MC power failure-resilience.
While commercial nonvolatile registers are not available, we rely on published data from [77, 86],
which describe nonvolatile register designs for nonvolatile processor prototypes. As presented in
Section 5.1, we implement the logic of the MC in VHDL, using the state-of-the-art technique [75] to
emulate both nonvolatile memory and registers and estimate timing, power, and area consumption
of the MC to include it in our simulation.

Table 1 summarizes the simple set of high-level instructions the MCU uses to control CRAM
operations. This abstraction allows developers to program Viadotto using familiar C-style APIs
without delving into the complexity of MC management. For example, a single macroinstruction like
cram_mac triggers a multiply-and-accumulate operation across several DPEs in parallel, handled
automatically by the MC through fetching, decoding, and dispatching the correct sequence of
hardware operations. As shown in the internal configuration logic of the MC in Figure 3(b), the
MCU enables the CM by the eno signal and then can point to the configuration instruction set in
the CM, corresponding to any macroinstruction from the table by putting the relevant value in
the CMP (Configuration Memory Pointer). The macroinstruction-related actions on DPEs take place
following the proceeding configuration instructions from the CM addressed by incrementing the
CMP. The MC decodes and drives a single configuration instruction at each clock cycle, i.e., one
logic gate is executed in-memory per clock cycle on all active tiles. The simplified schematic of the
DD is presented in Figure 3(c). This block is a combinational circuit containing a set of wired logic
gates, tri-state buffers, and decoders. The circuitry is responsible for converting incoming signals
to another set of signals to trigger word/logic lines and bitline drivers for CRAM computations, as
discussed in Section 3.1. In other words, DD directs the necessary set of signals to the required
DPEs and their memory sections. As seen in the figure, each output line of the DD is composed of
N x n wires, where N is the number of tiles, while n is the number of columns in a tile. The DD
receives these and other values as input from the CIRF.

MC’s Operational Flow. The MC follows the finite state machine (FSM) presented in Figure 4.
The MCU uses the sb pin (see Figure 3(b)), connected to a status bit register, to check the current
status of the MC before requesting any operation. For example, when it is necessary to write data
to a DPE, the MCU first ensures the IDLE status of the MC, by checking the state of the status
bit register, and writes data to the DRF. Once the DRF is filled, the MCU sends an instruction to
the IRF and enables the MC components regarding the instruction type; the CM and its decoder
are activated for any instruction type. Then, a configuration instruction pointed out by CMP is
decoded and brought to the CIRF, which triggers another set of MC components to proceed with
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Fig. 4. FSM of the MC. The MCU can check the status of the MC through a status bit register.

the requested operation. Note that the first configuration instruction after enabling the CM always
sets the status of the status bit register to BUSY, so the MCU does not interrupt the MC during
in-memory operations. The MC stays BUSY until it finishes a requested CRAM operation. After
that, the last configuration instruction changes the status of the status bit register to FINISHED and
triggers the interrupt signal to the MCU. Finally, the MCU’s interrupt handler performs necessary
actions (e.g., reads data from the DRF) and triggers the status bit register to IDLE, denoting the MC
is ready for the next instruction.

MC’s Pipelined Execution. The MC’s operation during the BUSY state has three logical stages:
the MC fetches a configuration instruction from the CM, decomposes the instruction into the
signals for the DD, and executes the operation on CRAM. As seen in Figure 3(b), the MC has units
dedicated to these stages: Fetcher, Decomposer, and DD, respectively. We use the register for a
fetched configuration instruction and CIRF as communication points between the stages and also
as pipeline registers to run all three stages in parallel. Initially, the first configuration instruction
is fetched from CM and CMP is incremented. In the next clock cycle, the second configuration
instruction is fetched while the first one is being decomposed. The next clock cycle makes the
pipeline full, executing the first configuration instruction, decomposing the second instruction, and
fetching the third one simultaneously. Pipelining increases the CRAM CIM operating frequency,
aligning its performance with that of MCUs in batteryless systems.

3.3 MCU-managed Adaptation and Programming Model

3.3.1 Adaptation to Fluctuating Ambient Power. Viadotto dynamically adjusts its tile-level paral-
lelism to match available ambient energy. This mechanism ensures that in-memory computations
proceed efficiently without exceeding the system’s energy budget, which is especially critical in
batteryless environments with intermittent power supply. To manage this, Viadotto monitors the
input power level and selectively activates 1, 2, 4, 8, 16, or 32 CRAM tiles. The upper bound is
driven by hardware constraints, specifically, area and energy tradeoffs, as activating more than 32
tiles simultaneously would significantly increase peak power consumption and stress the charge
retention capabilities of the energy buffer [73]. We chose exponential scaling of tile-level parallelism
to simplify runtime decision logic and compiler-generated code paths. This structure enables fast
lookup-based configuration selection and efficient batch-based memory partitioning. Supporting
arbitrary tile counts (e.g., 6 or 20) would introduce substantial runtime management and syn-
chronization complexity with marginal throughput benefit. While the six fixed configurations
are currently hardcoded, the system can be extended to support finer granularity with additional
controller logic and compiler support if needed. The selection of the tile count to activate depends
on a runtime estimate of available power, enabling Viadotto to adapt its throughput to current
energy conditions.

Power Monitoring and Estimation. Viadotto employs a lightweight power estimation technique
introduced in [9], which does not rely on ADC measurements or external hardware. Instead, it
tracks three voltage thresholds during capacitor charge/discharge cycles: the system powers on and
execution begins (V,,), the system enters low-power sleep mode (Vy,,,), and the system performs

ACM Trans. Embedd. Comput. Syst., Vol. 24, No. 6, Article 159. Publication date: October 2025.



159:10 K. Akhunov et al.

Table 2. Viadotto APl Functions to Abstract Away Hardware Operations

Function Description

void collect(char* data_in) Collect sensor data

void CIM(char* data_in, char® data_out, Map the sensor data to free tile(s) for a given
char” func) function, i.e., add, mul, relu, maxpool, and mac
void transmit(char” data_out) Transmit inference result

backup and powers down (V, 7 ). The time elapsed between the thresholds is measured and used to
estimate the ambient input power (P,,,;,):

E, - Egeen—
Py = on—sleep Py = sleep—of f
! Ton : T, ff

5

where Ey,_ e is the energy stored between Vi, and Ve, Egjeep—o f 7 is the energy stored between
Vsieep and Vi 5 ¢, Ty and T, ¢ ¢ are time measured from the Vg, trigger to Vy,, and V, ¢, respectively.
Note that E is know at design time, while T is measured by the MCU’s internal timer. The estimated
P,.p values are collected and averaged, using the trivial history window approach [6].

Tile Selection Logic. The estimated ambient power P, is then compared against a table of
pre-characterized power consumption values P, for each tile configuration. This table is provided
in a configuration file during deployment. At runtime, Viadotto performs a simple comparison:
Pob = Posoc(Njie)- It chooses the largest Ny, that satisfies this condition. If no estimate is available
(e.g., first execution), Viadotto starts conservatively with a 1-tile configuration. As execution
proceeds, it updates P,,,;, estimates and adjusts the tile count accordingly.

3.3.2  Programming Interface, Runtime, and Compiler. Viadotto runtime supports a core set of
high-level APIs that abstract away hardware operations and are implemented as part of the Viadotto
library. These include: collect () for sensor data acquisition, CIM() to map a computation to one or
more free DPEs, and transmit() to send the result. Table 2 summarizes the function and purpose
of these APIs. Their implementation is backed by the Viadotto runtime system, enabling portable
and adaptive execution without requiring developers to manage low-level memory interactions.
Runtime Adaptation. Algorithm 1 presents pseudocode that illustrates how the Viadotto run-
time adapts to varying input power levels by selecting the appropriate number of CRAM tiles
and executing the corresponding version of the MAC operation. The pseudocode captures the
general sequence of operations: gathering input data, enabling the required DPEs, loading operands,
executing the MAC operation, unloading results, and finally disabling the tiles. This structure is
repeated for different tile configurations (e.g., 1, 2, or more), allowing Viadotto to scale adaptively
at runtime.

Compiler. Viadotto compiler consists of two parts. First, the front-end compiler is a source-to-
source translator, leveraging the LLVM compiler infrastructure [52]. It facilitates Viadotto APIs
through a method involving the instrumentation of microinstructions during compilation. In
detail, Viadotto transforms an API function in a given program into a call to a corresponding
microinstruction or a series of microinstructions, which becomes part of the program itself. Second,
the back-end compiler comes into play by linking the instrumented program with the Viadotto
library (see Table 1), resulting in the generation of the final binary executable. In particular, Viadotto
compiler ensures the runtime does not overwrite data across tiles (i.e., avoiding data hazards). To
achieve the hazard-free tile allocation automatically, the compiler conducts an alias analysis on
each tile by leveraging idempotent processing [18, 25, 46, 55, 56, 94, 95]. If there is a dependent
tile or no tile available to allocate, the compiler inserts a region boundary and forms another
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ALGORITHM 1: Viadotto_ MAC_Runtime(NTile)

n < NTile
if n =1 then
input0 < get_sensor_data()
DPEO « True > Enable DPEO
DPEO0_Operand A < input0
DPEO_OperandB <« kernel
DPE0_MAC <« True
out put0 < DPEO_Result
DPEO « False > Disable DPEO
else if n = 2 then
input0 < get_sensor_data()
inputl « get_sensor_data()
DPEO « True > Enable DPEO
DPE1 < True > Enable DPE1
DPEO_Operand A < input0
DPE1_Operand A < input1
DPEO_OperandB <« kernel
DPE1_OperandB < kernel
DPE0_MAC <« True
DPE1_MAC « True
out put0 < DPEO_Result
outputl < DPE1_Result
DPEO « False > Disable DPEO
DPE1 « False > Disable DPE1
> Similar pattern for 4, 8, 16, 32 tiles

end if

CRAM region thereafter so that each region does not cause data hazard issues. Thus, Viadotto
compiler support reduces programming effort and effectively exploits parallelism in different
CRAM tiles.

Scalability. Viadotto can enable CIM with a large memory chip, but it may face a scalability
challenge. As the memory size increases, the Viadotto runtime needs to hold more versions of CIM
code, leading to an increase in code size. To address this issue, Viadotto limits the maximum number
of versions to six, resulting in an average binary size overhead of only 5%. Moreover, Viadotto can
heuristically filter out the worst-performing version of CIM code and adapt to a more efficient
version. This aspect is left for our future work.

3.4 Parallelism Between MCU and CRAM

The MCU in Viadotto orchestrates available resources, loads data-intensive tasks to CRAM, and
intermittently executes simultaneous general tasks, e.g., data sampling and preprocessing, inter-
facing peripherals, and handling frequent power failures. The communication between the MCU
and MC is interrupt-based, allowing the developer to use the MCU’s computational resources for
the detached part of the application while executing the data-intensive part in memory in parallel.
The MCU also controls the number of active tiles for adaptive execution concerning the input
power.

4 Viadotto Power Failure Resilience

Viadotto guarantees the forward progress and memory consistency during intermittent operation.
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Fig. 5. FSM for the MAC operation under power failures.

CRAM is Inherently Idempotent. Since CRAM cells (MT]Js) are nonvolatile, their content persists
during power failures, which ensures computation progress. Memory inconsistency, in particular,
WAR dependency is also excluded because of the nature of in-CRAM operations. More concretely,
the granularity of operations that can be interrupted by a power outage is the gate-level logic
operators, which are repeated on power restoration. Even if, for example, the OR operation on two
source rows is completed and needs to be re-executed, the result of the operation in the destination
row will not change, which makes CRAM inherently idempotent [73].

MC Features Atomic Stages. The forward progress on MC is ensured by utilizing nonvolatile
registers proposed in prior work [77, 86]. We assume that the reading of these registers happens in
the first half of the clock cycle, while the writing is in the second. However, given the pipelined
fashion of the MC organization, keeping data consistent within the MC may seem nontrivial. Figure 5
shows the FSM of the MAC operation split into three stages, where the red dotted lines illustrate
places where the signal triggered by the lower voltage threshold can be delivered from the MCU. ()
Once the MC is enabled, the SB (status bits) is set to the BUSY state, one configuration instruction is
decoded, and the CMP is incremented. (2) Then, in the next clock cycle, the decomposed instruction
starts executing. Both stages continue to operate in the proceeding clock cycles. (3 When the CMP
reaches the last configuration instruction in the set belonging to the MAC instruction, execution
switches to the last stage. An interrupt signal at any of the specified points does not affect until the
stage is finished, which is guaranteed by considering the energy cost of the most consuming stage
in the voltage threshold value.

Backup via JIT Checkpoints. In JIT checkpointing, whenever the voltage level of the capacitor
approaches a predefined lower threshold, the MCU must back up the current computational state
with the pipeline interrupted. Thus, the remaining energy in the capacitor at this threshold must
be enough to perform the backup in a failure-atomic manner. As mentioned in Section 3.3, we
adopt a more advanced JIT backup strategy that introduces a pre-checkpoint voltage threshold at
which the system transitions to sleep mode with retaining volatile memory and with no backup
[9, 60]. The system checks power levels and performs a checkpoint if it’s extremely low (i.e., lower
than sleep-mode power). Otherwise, the capacitor charges and computation resumes without
checkpoints, preventing the re-execution of both the high-level instruction and CRAM primitive.
In out implementation, we assume that data sensing and transmitting devices lose their state on
power failures. That is, when the V., signal interrupts the system, we power gate these devices.
The portion of the data sensed and stored in the MCU before a power failure is processed when
power restores. This approach significantly reduces the power consumption of the sleep mode and
is acceptable since in this work, we do not target real-time mission-critical applications.

Viadotto is explicitly designed to remain operational even under highly constrained energy
conditions. When ambient power is low, the platform defaults to minimal tile activation (e.g., 1-tile
mode), enabling basic inference to proceed with a near-zero failure rate. As power improves, Viadotto
dynamically scales parallelism up to exploit additional energy, thereby optimizing throughput
without sacrificing correctness. This ensures a nearly always-on mode of operation: execution may
slow, but progress continues.
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5 Evaluation and Results

This section presents our evaluation of Viadotto against two state-of-the-art solutions: MOUSE [73]
and PiMCo [7].

5.1 Methodology

We develop a simulation infrastructure to simulate Viadotto’s DPEs (based on a custom version
of CRAM), MC, and compiler-enabled software library. As in MOUSE [73] and PiMCo [7], we
can use only simulations to evaluate our system since, to the best of our knowledge, there are no
available CRAM-based evaluation boards for real experiments. The simulator components and their
parameters are described in this section.

CRAM Structure. Our CRAM design has a byte-addressable tiled architecture. Following the
common recommendation of subarray size for nonvolatile memories [30], we set the size of each
combined tile to 128 KB, which is an array of 1024x1024 bits. Within each DPE, we allocate 512x512
bits for one operand and the same amount for the result, located in the upper-right and lower-right
corners of a DPE, respectively. This size is sufficient to store a relatively large output of a CNN
layer.

DPE Parallelism. We design a DPE so that it can simultaneously process nine (refers to 3x3
kernel) 8-bit values. We reserve a 128x128 bits array in the upper-left corner for the computation,
dedicating 72 (9x8) columns to operand alignment. We limit the number of columns for an operand
to avoid massive column activation that consumes a significant amount of energy (about 13 mW for
simultaneously active 1,024 columns). We estimate that even for complex 8-bit arithmetic operations
(e.g., multiplication) on CRAM, only 25% of the columns need to stay active in parallel. In our design,
a single DPE can have 32 (128x0.25) simultaneously activated columns in the worst case. However,
if the power budget allows, the programmer can enable additional DPEs, thereby exploiting the
tile-level parallelism. The entire CRAM occupies 4 MB of memory. Hence, our Viadotto design has
32 independent DPEs, which together can hold 1,024 active columns in parallel. We assign each
tile’s remaining part (62 KB) to the second operand.

DPE Energy Requirements. Using parameters presented in [39] for Modern MT]J, we calculate
the DPEs’ energy consumption and execution time by adding the contributions of all the steps
involved in the computation: energy and time to preset output values, to execute bitwise log-
ical operations, and to transfer bits to the necessary direction. Additionally, we grasped num-
bers from NVSim [30] to consider the time and energy consumption for the bit line drivers
of CRAM.

MC. Due to the custom design of the memory controller, we model it in VHDL for timing and
power estimation. We use Xilinx ISE [84] and target a Spartan 6 lower power XC6SLX16L FPGA
with a 45 nm process. The design also implements the SPI-based connectivity between the MC,
MCU, and CRAM. We conservatively account for the full FPGA footprint in our area analysis
(see Section 5.4), even though only 2% of flip-flops and LUTs are actually used. Importantly, the
MC is entirely powered down during Viadotto’s deep sleep states, and does not contribute to idle
leakage. In low-power active mode, its pipelined structure allows fast task offload and return to
sleep, minimizing its energy footprint compared to systems that require longer or repeated wake
cycles for equivalent work.

Software Library. As the MCU part of Viadotto, we use the Apollo4 [10] board. The board features
an ARM Cortex-M4 processor operating at a maximum of 192 MHz, 2 MB of emerging nonvolatile
memory (MRAM), and ultra-low active-mode current consumption (12.3 pA/MHz). Compared to
the de facto MCU for intermittent systems (MSP340FR), Apollo4 consumes 10x less current in
active mode, is 12x faster, and has 16x larger nonvolatile memory. The efficiency of the board in
intermittent computing has already been shown in prior art [47]. We use the datasheet of the board
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to extract the time and energy consumption of the device booting and the application executing
the viadotto library and the code during CRAM computation.

Energy Harvesting and Supply. We exploit a single power supply to power Viadotto. Viadotto
assumes that the energy buffer must store enough energy to complete at least one atomic in-
memory operation plus the associated MCU interaction and backup. This requirement defines
the system’s minimum energy budget, which corresponds to few nanojoules. However, for the
sake of practicality, we suggest extending this minimum energy budget to the need for a reliable
execution of a full inference step, including sensing, CRAM computation, results transmission, and
backup. Based on profiling of Viadotto’s execution with 1-tile configurations (the lowest-power
mode), we estimate <5 mJ energy consumption. Therefore, the capacitor must charge till V,, to
ensure this minimum is met. While Viadotto uses a simple threshold-based heuristic to select tile
count, it always begins with a conservative estimate (e.g., 1-tile) if no prior history is available. This
ensures safe fallback behavior under sudden drops in ambient energy. We use three prerecorded
irradiance power traces from a specific community dataset [49]: night [0.01-0.33 mW], car ride on
a sunny day [1-21 mW], and daily indoor-outdoor routine [0-35 mW]. We set the capacitance of
the energy buffer to 1 mF, V,, to 3.3V, Vg, to 1.45 V, and V;, ¢ s to 1.35 V. While the upper limit is
set to ensure that harvested energy (circa 5.5 mJ) is enough to meet the minimum energy budget,
other voltage levels are selected empirically and are sufficient to implement the three-threshold
monitoring approach (see Section 3.3) in Viadotto. Notice that the levels of Vg, and V, ¢ s do not
need to be dynamic since the backup overhead does not change with the number of active tiles in
CRAM.

Putting All Together. Viadotto is designed and evaluated as a tightly integrated system combining
simulation models for CRAM-based DPEs, a VHDL-implemented MC, and the Apollo4-based
runtime executing compiled application logic. The MCU executes the high-level control logic,
including adaptive decisions based on energy conditions, and interacts with the MC through
memory-mapped registers and interrupts. The MC offloads data-intensive computations to CRAM,
which is modeled using the simulator informed by MTJ parameters. The compiler and runtime
coordinate tile allocation and parallelism, while energy behavior is evaluated across the entire
platform, including sensing, computation, and communication. This integration ensures that energy
and performance results reflect realistic system-level operation.

5.2 Baselines and Benchmarks

MOUSE Simulation. We parameterize MOUSE by the values reported in the article [73]. The
programming model of MOUSE is radically different from the one proposed in our work. The
program binary stays in CRAM and obeys a dedicated instruction set architecture. The MC of
MOUESE is responsible for reading instructions from the CRAM instruction tiles and decoding them
into appropriate signals to drive the CRAM operations. However, while implementing MOUSE, we
observed significant limitations in exploiting the tile and column parallelism. More specifically,
MOUSE applies the bulk addressing technique [78] for the columns within a tile while keeping
the instruction formats explicitly specifying a single tile and executing instructions sequentially.
Moreover, only five columns can be active at a time since a single instruction can specify up to
five column addresses [73, see Sec. IV.B]. Therefore, we follow the design of the extended version
of MOUSE [74], where the authors have spread the bulk addressing to tiles with the possibility
of activating all the available tiles (see Section 3.4.2) and apply bit mask to activate multiple
columns simultaneously (see Section 3.3). However, the addressing tile groups are static and must
be defined at the design stage [78], which limits the system’s flexibility and scalability. Another
crucial point to mention about MOUSE implementation is that its authors shift the responsibility of
laying out the data and computation flow in CRAM onto programmers. This approach can lead
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Fig. 6. High-level evaluation of the data offload overhead.

to inefficient design decisions we encounter. More specifically, one option to organize the flow
in MOUSE is to dedicate different tiles to different functionalities. For example, some entire tiles
are reserved for input data, some for only computation, and some for output data. This layout
allows for uploading the whole CNN model to CRAM at once. However, given a single data
buffer in the MC [73], data transfer between tiles cannot be performed for different input data
simultaneously, which serializes execution and degrades the overall performance, nullifying the
benefits of parallelism. In contrast, Viadotto avoids inter-tile communications and explicitly splits
each tile into dedicated interconnected sections, preventing programmers from misleading. For the
fairness of the comparison, we implement the MOUSE’s CRAM identically to ours in Viadotto.
PiMCo Simulation. Compared to MOUSE, PiMCo proposes a higher-level programming model
and comprises an MCU. However, the programming model has no compiler support and remains
burdensome, forcing programmers to manually allocate data in CRAM and keep track of enabled
and available DPEs. For the CRAM part, we use the same parameters as for MOUSE, while the
layout has a negligible difference compared to Viadotto. For the MCU part, we also use Apollo4
running at a lower frequency, because, like MOUSE, PIMCO introduces no pipelining for the MC
operations. To simulate the MC, we follow Section 3.2 in [7].

Benchmarks. We implement an 8-bit-quantized CNN model for two datasets: MNIST [27] (hand-
written digits recognition) containing 28x28-pixel gray-scale images of handwritten digits; and
ESC-10 [69] (environmental sound classification) containing 5 s audio clips sampled at 44.1 KHz.
For ESC-10, we use the 1s audio downsampled five times and convert it to a spectrogram, presented
as a 32x32-pixel RGB image, before feeding it to the CNN model. The model structure is as follows:
3 convolutional layers with ReLU and MaxPool functions and 1 fully connected layer followed by
the Softmax of 10 neurons.

5.3 Internal vs. External Data Movement

Viadotto motivates developers to offload data-intensive computation to highly parallelizable CRAM,
which leads to additional data movement and might seem unreasonable as compared to the execution
of the same computation by using a CPU rather than CRAM. To assess this overhead, we use the
ESC-10 benchmark, which has 55 x 10° parameters that are assumed to be stored in NVM. In
Figure 6(a), we compare the time to transfer the parameters from NVM to CPU registers (for
CPU-based execution) and from NVM to CRAM (for the execution via Viadotto). For Viadotto, we
considered offloading the entire CNN model and several input images (x-axis) to DPEs of CRAM.
Similarly, we also considered the data traffic when the same number of images are processed on
the CPU. The figure shows that offloading data to CRAM can take several milliseconds of extra
time due to the intermediate link (i.e., MC) between NVM and CRAM. However, the offloading
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job can be assigned to the DMA, which frees the CPU for other useful tasks. Moreover, offloading
model parameters to CRAM is performed only once. Then the same parameters are reused for all
subsequent input images (whose size is only 32x32x3 bytes). Conversely, the CPU brings the model
parameters to its registers at each inference computation. Figure 6(b) shows the time saved by
parallelizing the inference on CRAM tiles, reaching thousands of milliseconds released for the CPU.
Given the modest power consumption of MT]J cells, offloading data to CRAM also saves energy.

5.4 Viadotto vs. MOUSE vs. PiMCo

For this comparison, we consider two evaluation targets: (1) only CRAM with MC (i.e., the MCU
part is excluded), and (2) the entire platform. For the prior, we assume that MC receives already
preprocessed data, therefore, we use the MNIST dataset, whose images can directly be fed to our
CNN model. For the latter, we use the environmental sound classification (ESC-10) application,
which is aligned with the acute need for animal-borne sensors [31] and importance of animal-
surrounding sounds classification [67]. Increasing the throughput of such batteryless applications
by enabling architectural adaptation can help in catching a broader range of sounds, given the
dynamism of animals. The application benefits from multiple levels of parallelism: data- and
operation-level parallelism on CRAM (see Section 3.1); and task-level parallelism where we generate
the next spectrogram on the MCU while the previous one is being inferred on CRAM. Unlike prior
art, our platform energy consumption includes the energy cost of sensing audio with MAX4466
microphone [1], transferring inference results with BG22 BLE tag [51], and peripheral setup at
each power restoration.

The MC is the main driver for CRAM. According to the ISE [84], the best case achievable clock
cycle period for our MC is about 9 ns, which is 111MHz, with a power consumption of 0.46 mW,
while the maximum frequency for modern MOUSE is only 30.3 MHz, as a result of non-pipelined
execution. Since the authors of MOUSE give no details on their MC implementation, we use our
MC, lowering the operating frequency 3x while keeping the energy consumption at the same level.
This assumption considers the increased power consumption of our pipelined MC solution, where
each clock-cycle fetch, decode, and execute are performed. We apply the same 30.3 MHz, frequency
to PiMCo since no pipelining support and frequency improvement are reported in [7]. PiMCo
proposes to implement the MC based on a low-power 8-bit MCU, but even ATmega328P requires
an order of magnitude more power than Viadotto’s MC. Thus, for fairness, we extrapolate the
power of PIMCo’s MC to one order of magnitude less, assuming that ATmega328P would require
10x less to power the operations necessary for the MC functionality. A traditional MCU is an
integral part of Viadotto, enabling architectural adaptation and a conventional programming model
with compilation support. Conversely, MOUSE does not feature an MCU and completely shifts the
responsibility for hard-coded low-level programming to the developer. PIMCo, in turn, comprises
an MCU but does not benefit from a compiler. Like in Viadotto, we set the communication between
the MCU and MC in PiMCo to interrupt-based to use the MCU simultaneously with CRAM.

(1-) CRAM Comparison. For CRAM evaluation, we excluded the Viadotto’s adaptation (since the
MCU is not included in this setup) and set four CRAM configurations with a fixed number of active
tiles. We perform this comparison only against the CRAM pioneer, MOUSE. We selected two edge
cases, 1- and 32-tile CRAM, for each system: MOUSE 1 (M1), MOUSE 32 (M32), Viadotto 1 (V1), and
Viadotto 32 (V32). As seen in Figure 7, we ran 10-minute experiments under four types of power
traces, including constant power, and counted the number of images processed. Constant power
introduces no power failures, so Viadotto benefits from the faster MC in terms of performance.
On the other hand, with the pipelined MC, the energy consumption of CRAM increases over 2x.
However, these parameters are neutralized under transient power sources. For example, during
a car ride, ambient power is still strong to maintain uninterrupted M1 and V1, but M32 and V32

ACM Trans. Embedd. Comput. Syst., Vol. 24, No. 6, Article 159. Publication date: October 2025.



Adaptive Computing in Memory Meets Conventional Batteryless Platforms 159:17

MOUSE 1 (M1) B MOUSE 32 (M32) " Viadotto 1 (V1) Wl Viadotto 32 (V32)

4e+05
g 36405 g
D2e+05 ® o S oD
E jer05 Sem 3 IDI3 < © %
LO LO -
oo SHEE SE&YE& zass EEE3
Const Car Night In—/Outdoor
Power Trace
Charging [l Execution
Const Car Night In-/Outdoor
600-
< 400-
£ 200
Const Car Night In—/Outdoor
560 N 2 o
340" § Sd <« o3 o
820 2 = & @an S 83585 %888
T © SO o o o o oo o o
M1M32V1 V32 M1M32V1V32 M1M32V1V32 M1M32V1 V32
Configuration

Fig. 7. Performance comparison of the Viadotto’s CRAM against that of MOUSE. Results for the MNIST
benchmark.

suffer multiple power failures, which almost equalize the energy and performance of M32 and V32.
The difference is only in the number of power failures and the time spent on charging. Another
key point of this experiment is showing that under different power conditions, different CRAM
configurations outperform others, e.g., even if M1 and V1 encounter no power failures during a
car ride, M32 and V32 with multiple interruptions perform much better. With the night power, the
single-tile setup is 1.4x faster because the multi-tile setup spends more time charging. With the
mixed power (in-/outdoor activity), we have average results between high and low power. However,
increasing the system’s power consumption when input power allows and decreasing it when input
power is modest would significantly reduce the number of failures.

(2-) Platform Comparison. For this evaluation, we enable the architectural adaptation of Viadotto
running at low (30 MHz, VL) and high (111 MHz, VH) frequencies and compare them with PiMCo
implementations Pil and Pi32, which are non-adaptive. For making adaptation decisions in Viadotto,
we estimate the power consumption of V1, V2, V4, V8, V16, and V32 and deliver this information
through the configuration file. In decision making, we compare the estimated P, (see Section 3.3)
with each configuration, starting from V32. For the first match of P, > P,,.. we select the
configuration holding the condition or, if available, the next higher configuration. This approach
is based on our observations that showed that in most cases, even if, for example, V8 holds the
condition, V16 performs better compensating power failures by speedup. However, V32 cannot
outperform V8 in this case, given the significantly increased number of power failures. Figure 8
shows that MOUSE (M) cannot compete with Viadotto because the interface between MCU and
MOUESE is not provided by design. The figure also shows that with the MCU and under constant
power, VL consumes an insignificant amount of time for decision-making and performs almost
the same as Pi32. However, the superior frequency of VH allows Viadotto to outperform Pil and
Pi32. Note that under this power condition, adaptive Viadotto always selects the V32 configuration.
For the energy-harvesting scenarios, both Viadotto setups VL and VH adapt to corresponding
configurations, outperforming Pil and Pi32 by up to 18.9x (Car) and up to 1.48x (In-/Outdoor),
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Fig. 9. Viadotto adaptation to a given power trace.

respectively. In Figure 9, we demonstrate the track of the Viadotto adaptation decisions along the
car ride power trace. As seen, Viadotto adjusts the number of active CRAM tiles according to the
ambient power at runtime, while the degree of the tile-level parallelism of MOUSE is fixed at the
design stage by embedding the code into the CRAM substrates.

Note that the three-voltage-levels JIT backups (see Section 3.3) eliminate the re-execution
overhead for all scenarios, while only a few checkpoints and reboots happen at night when input
power is less than that of the sleep mode. Moreover, after the system voltage reaches V,,,, Viadotto
performs a cold start, which includes MCU boot-up, reinitialization of runtime state, and resumption
of CRAM controller operations. Based on Apollo4’s datasheet [10] and measured startup behavior,
the MCU boot and library reinitialization take approximately 1.7 ms and consume roughly 7.1
. This recovery includes setting up peripheral states and restoring Viadotto’s software stack.
Since CRAM operations are failure-atomic and nonvolatile, no memory-level state restoration is
needed, which significantly reduces overhead compared to volatile systems. The MC waits for the
MCU to send macroinstructions again and resumes operation without explicit reboot logic. Overall,
Viadotto’s post-power-up recovery is fast and energy-efficient, allowing it to maintain forward
progress with minimal interruption.

(3-) Area Overhead. Viadotto occupies 88 mm? space contributed by the MCU (22 mm? [10]),
the MC (64 mm? [85]), and CRAM (2 mm? [30]). For MOUSE, we grasp the largest area reported
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Table 3. Comparison of the Viadotto Parameters Against MOUSE and PiMCo

Parameter Viadotto MOUSE PiMCo
Operating frequency, MHz 111 V/ 30.3 X 30.3 X

Area overhead, % 73V 0 103 X
Programming model High-level v Gate-level X High-level v/
Compiler support Yes v/ No X No X
MCU-integrated Yes v/ No X Yes v/
Architectural adaptation ~ Yes v/ No X No X

in [73, Tab.IV], which is 51 mm?. Note that the MCU, which occupies 25% of Viadotto area, is a
must component of any existing intermittent system. Therefore, integrating Viadotto adds only
66 mm? to the total area consumption. Note that although the MC consumes only 2% of flip-flops
and look-up tables of the FPGA, we pessimistically consider the entire area of the FPGA since the
design requires almost 85% of input-output blocks. For PiMCo, we include 22 mm? of the MCU, 81
mm? of MC [11], and 2 mm? of CRAM. The comparison parameters are summarized in Table 3.

5.5 Viadotto vs. CGRA

Coarse-Grained Reconfigurable Array (CGRA) is an attractive combination of the reconfig-
urability of FPGAs and the custom design of ASICs [54, 70]. CGRAs offer hardware-like efficiency
and software-like programmability. Viadotto also benefits from software-based reconfigurability
of underlying hardware, but unlike the state-of-the-art CGRA compiler, RipTide [35], Viadotto’s
compiler leverages existing ISAs and hardware resources without requiring any modifications
or additional support. More importantly, CGRAs are not designed for intermittent computing,
preventing us from one-to-one comparison against Viadotto. Only a few studies [24, 34, 45, 68]
have proposed the design of ultra-low-power CGRAs. Arguably the most energy-efficient (<1 mW)
CGRA-based system, Snafu-Arch [34], comprises a scalar RISC-V core, CGRA fabric, and banked
SRAM memory. To save energy, Snafu-Arch features a bufferless Network-on-Chip connecting
processing elements (PEs), which implement traditional ALU and keep intermediate results in
their internal memory. Moreover, each PE contains a configuration cache storing currently used
configurations of the PE. This memory hierarchy is totally volatile, which makes Snafu-Arch suffer
from the non-termination problem under frequent power failures. Even if all the memory elements
are replaced by nonvolatile versions (which increases energy and timing overhead), the hierarchy
requires nontrivial solutions [22, 40, 93, 96] to maintain memory consistency under intermittent
power. Besides, the integration of CGRA fabric into existing intermittent systems inevitably requires
an external PE array with auxiliary circuits and connections. Conversely, CRAM can be mounted
in place of nonvolatile memory with minimal modifications (additional logic drivers and lines).
In essence, the design of Viadotto is orthogonal to CGRAs and, unlike CGRAs, mainly addresses
batteryless devices.

6 Limitations and Future Work

In this section, we discuss the limitations of Viadotto and future research directions.

Practicality. Currently, the evaluation of such emerging platforms as Viadotto is limited to custom
system-level simulations since there is no manufactured CRAM prototype in the market. While
flexible, fast, and less resource-demanding, this approach perfectly works for early-stage system
evaluation but sacrifices implementation precision necessary for detailed platform exploration.
We envision several ways to enhance the practicality of the evaluation setup in future. First,
cycle-accurate and validated full-system simulation (like gem5 [57]) would improve the evaluation
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granularity, allowing for more detailed system exploration. Second, mimicking the CRAM behavior
based on traditional CMOS technology, using FPGA or ASIC, would give the opportunity to
interface CRAM with real-life MCU, MC, sensors, and other periphery. Finlay, we expect memory
manufacturers and big research groups in the near future to release a PCB-based platform comprising
the CRAM chip with all the necessary connections to assemble the full Viadotto system, analogous
to NeuRRAM [81].

Programmable CIM. Programmable in-memory computing has been a desirable feature since
the invention of the CIM paradigm [33]. Researchers are still trying to invent an optimal solution,
targeting DRAM-featured devices mostly with complex software stack and memory hierarchy [5,
32, 87]. Viadotto targets resource-constrained devices with no operating system support and
caching mechanism, providing high-level programmability to emerging in-memory computing on
transiently powered devices for the first time.

Scalability and Portability of the System. The fixed design of the MC makes Viadotto less flexible
in terms of ISA extension. While the software library is easy to augment with new instructions,
the MC parts require effort partial redesign. However, by covering most macroinstructions widely
used in modern applications, we make Viadotto versatile since the configuration instructions are
reusable. Furthermore, the content of CM does not depend on the MCU part, the selection of
which is limited by the application needs. Although the MCU-to-CRAM interface in Viadotto is
universal, the system designer should care about potential bottlenecks, which can be caused by any
discrepancy in their operating frequencies.

Scalability of Code Versioning. Viadotto currently stores six precompiled versions of each
CRAM routine, corresponding to 1, 2, 4, 8, 16, and 32 tile configurations. Each version includes
tile-specific operand alignment, loop unrolling, and configuration logic. In our current design, each
CRAM routine occupies 0.8-1.2 KB per version, resulting in a total footprint of around 6 KB for
each operation type. While this overhead is acceptable for platforms with 128-256 KB of flash
(like Apollo4), it may become limiting as memory size or tile count increases. If the system were
scaled to 64 or 128 tiles, naive versioning would require significant flash or CRAM storage. In such
cases, strategies like partial code synthesis at runtime [20], parameterized CRAM kernels [44],
or runtime-controlled loops [90] could reduce footprint without sacrificing adaptability. These
strategies would still rely on compiler support: instead of statically emitting multiple unrolled CRAM
kernel versions, the Viadotto compiler would generate parameterized code templates with runtime-
controlled bounds or loop bodies. This allows the system to retain its high-level programming
model while significantly reducing code footprint. We identify this as a future optimization path as
Viadotto targets larger-scale CIM systems.

Advanced Decision-making Strategy. While Viadotto employs a lightweight voltage-threshold-
based mechanism to estimate ambient power and adjust tile-level parallelism, we acknowledge that
more advanced power prediction strategies could further optimize adaptation decisions. Techniques
such as historical energy profiling, machine learning-based estimators, or hybrid capacitor charge
models could potentially improve responsiveness to rapid energy fluctuations. Additionally, the
decision-making for adaptation can be enhanced by integrating an adaptive runtime monitoring,
considering properties of intermittent computing, such as ensuring progress despite power failures
and avoiding stale operations from charging delays [89]. However, incorporating such mechanisms
would require nontrivial additional computation, memory overhead, and sensing infrastructure,
which are beyond the intended lightweight and platform-agnostic design of Viadotto. We identify
this as a promising direction for future work, particularly in contexts where prediction accuracy
could meaningfully improve task scheduling and throughput.

Other Checkpoint Policies. Given the diversity of checkpoint strategies, Viadotto can adopt any
of them by certain extensions. In task-based intermittent systems, the decision-making process
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needs to be integrated into existing tasks or allocated to a separate task and interfaced with others.
Moreover, the energy budget of existing tasks must be revised due to the extra load introduced
by CRAM. For statically placed checkpoints, the developer needs to reallocate the backup points
concerning the CRAM energy consumption and the interrupt exchange between the MCU and the
MC. However, the complexity of these extensions even increases with the architectural adaptation,
which affects the task’s and checkpoints region’s energy budget at runtime.

Advanced Compiler Support. Another promising future direction is the development of a more
sophisticated compiler. Recent study [29] has shown that loading computation closer to memory
is not always beneficial, e.g., compute-intensive applications might better match multicore CPUs.
Advanced compiler techniques could support developers in assigning application subtasks to the
most performant computational units of the heterogeneous system (MCU vs. CRAM), consid-
ering application specifications, platform restrictions, and the unique properties of intermittent
computing.

Architectural Gains vs. Technology Baseline. While Viadotto uses simulation-based evaluation
for the MC and CRAM logic, all measurements related to the MCU (Apollo4) are grounded in its
publicly available datasheet and documentation. Importantly, our reported improvements in energy
and throughput are not solely a result of newer MCU technology. The primary gains stem from
architectural features, namely, the offloading of memory-bound operations to failure-atomic CRAM,
the pipelined MC design, and adaptive tile-level execution. For fair comparison, all baselines (e.g.,
MOUSE and PiMCo) are normalized to match similar technology nodes where possible. Moreover,
Viadotto’s improvements persist even when adjusting for the MCU energy profile. We acknowledge
that full-system hardware integration may introduce additional minor overheads (e.g., I/O buffering
or interconnect latency), but our architectural contributions remain valid and essential to the
observed improvements.

7 Conclusion

In this article, we presented Viadotto, a new programmable CRAM-based in-memory computing
platform that tolerates frequent power failures. Viadotto performs adaptive in-memory operations
highly efficiently and provides the programmability and versatility for intermittent CIM operations.
Viadotto stands on three pillars: a software library with compiler support that exposes interfaces
for high-level operations to be performed in-memory, an adaptive CRAM substrate, and a faster
MC that facilitates data and computation mapping for CIM. According to our evaluations under
intermittent conditions, Viadotto achieves a 48% performance improvement over the state-of-the-art
intermittent CIM system.
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