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Abstract—This work proposes a 40nm PCM-based chip with
3 key innovations to address the challenges of latency, reliability
and energy-efficiency in edge real-time rendering: (1) a
hardware-software co-designed mixed-precision foveated
neural radiance field (MP-FovNeRF) system with analog/digital
compute-in-memory (CIM) for low latency; (2) a PCM-oriented
error correction codes (ECC) and a redundant ADC (R-ADC)
for reliable computation; (3) a 2-level sparsity aware multiply-

accumulate (MAC) method for high energy efficiency. Together,

the chip achieves 2.38 FPS/mm? and 3.58 mJ/frame for edge
real-time rendering. High area efficiency and energy efficiency
are achieved with nearly no decrease in image quality.

Keywords—PCM, compute in memory, posit, mixed-precision,
foveated rendering.
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Edge VR/AR devices impose stringent constraints on
latency, energy efficiency, and reliability, making real-time
on-device rendering particularly challenging. Neural
Radiance Field (NeRF)[1] enables high-quality scene
synthesis without explicit geometric modeling; however, its
reliance high spatial resolution (large number of rays) leads to
prohibitive latency. Despite the development of foveated
NeRF (FovNeRF) effectively lower the resolution
requirement[2], the intensive neural network inference using
high precision numerical format still poses heavy burden on
resource-constrained edge platforms.
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Beyond computational complexity, rendering workloads
exhibit strong sensitivity to computation errors. While PCM-
based compute-in-memory (CIM) architectures provide high
throughput by enabling massively parallel matrix operations
and reducing data movement, they inherently suffer from
device non-idealities and ADC settling errors, which can
significantly degrade rendering quality.

Furthermore, rendering workloads dominate system
energy consumption in edge VR/AR devices. Under stringent
battery capacity constraints, achieving high energy efficiency
is therefore essential, placing additional demands on the
underlying computing platform.

To address the above challenges, we propose a 40nm
PCM-based mixed-precision CIM (MP-CIM) chip with a
hardware-software co-designed framework for efficient real-
time edge rendering. As shown in Fig. 1, we introduce a
mixed-precision FovNeRF (MP-FovNeRF) that exploits the
non-uniform acuity of human vision by allocating high-
precision, high-resolution inference (POSIT16 in DCIM) to
the foveal region and low-precision, high-throughput
computation (INT8 in ACIM) to the peripheral region,
significantly reducing system latency. Second, we propose a
reliability enhancement design, incorporating PCM-oriented
CIM error correction code (ECC) and a redundant analog-to-
digital-converter (R-ADC) to mitigate computation errors
arising from PCM conductance drift and ADC settling,
thereby preserving excellent image quality. Thirdly, a two-
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Figure. 1. Real-time rendering demands low computing latency. Additionally, high-resolution rendering quality are sensitive to computation errors and
rendering on edge requires low energy consumption. So we propose a robust mixed-precision FovNeRF with MP-CIM that utilizes sparsity.
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Figure. 2. (a) Comparison of effective precision of FP16/POSIT16. (b) Distribution of activations & weights in FovNeRF. (c) Architecture overview of our
proposed PCM-based mixedprecision MP-CIM chip. (d) Proposed compressor tree. (e) Design of POSIT/FP processing circuit.

level sparsity-aware MAC strategy is proposed, jointly
leveraging bit-level sparsity in ACIM and element-level
sparsity in DCIM to minimize redundant computation latency
and energy consumption.

II. PROPOSED PCM-BASED MIXED-PRECISION CIM CHIP FOR
EDGE FOVEATED RENDERING

A. Hardware-software Co-designed MP-FovNeRF with
Analog/Digital CIM for Low Latency

Our proposed MP-FovNeRF partitions the perceptual field
into foveal and peripheral regions based on gaze direction.
The region within 5° of the gaze center is classified as the
foveal region and is processed using DCIM with high spatial
resolution (i.e., high ray density) under POSIT16 precision.
As illustrated in Fig. 2(a), the POSIT16 format provides
superior numerical precision around unity compared to FP16
[4]. We adopt POSIT16 with es=2 to maximize the fraction of
weights and activations that benefit from higher precision. As
shown in Fig. 2(b), this design enables 95.3% of computations
to be performed with higher precision than FP16, thereby
improving image quality in the foveal region.

The remaining perceptual area is defined as the peripheral
region and is processed using ACIM with reduced ray density
under INTS precision. To balance the computational workload
between regions, we carefully adjust the ray density by jointly
considering the spatial coverage of both regions and the
throughput differences between ACIM and DCIM. This co-
design ensures matched latency across regions. As a result,
MP-FovNeRF reduces total computation by 5.2x compared to
standard NeRF, while preserving ray density—and thus visual
fidelity—in the foveal region.

Fig. 2(c) shows the architecture of our proposed MP-CIM
chip. The chip has 2 DCIM macros and 2 ACIM macros,
containing a total of 256Kb PCM devices. In ACIM macros,
the input group circuit is used for reducing MAC energy and
latency with lossless compression, and leveraging bit-level
sparsity. The R-ADC is used for mitigating ACIM
computation errors. To support large numerical range for
POSIT16, we design a two pathway MAC circuit in the DCIM
macros, where most weights that have a compact distribution
are pre-aligned, stored and processed in DCIM array, while
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the small number of small outliers are stored in a custom
digital processor (Digit.) to avoid alignment loss in DCIM.
The Digit. can also leverage element-level sparsity to skip
computations associated with small values. The detail of
POSIT/FP Processing Circuit is shown in Fig. 2(e). The input
POSIT number is converted into a custom FP20 format to
minimize precision loss during computation. The input format
can also be FP16, preserving the versatility for other tasks. As
shown in Fig. 2(d), we use 4-2 compressors to reduce the
critical path latency, making it irrelevant to input bit width
unlike conventional adder tree and enabling higher clock
frequency, and thus higher rendering efficiency.

B. PCM-oriented ECC and R-ADC for Reliable
Computation
PCM conductance drift deteriorates the stored weights and
can cause errors in computations (Fig.3(a)). We observe that
the error caused by drift is mostly from a single direction (1 to
0, as shown in Fig.3(b)) because low-resistance states(LRS)
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Figure. 3. Measured (a)PCM conductance with drift and (b)BER of different
bit-flip directions. (c) Proposed PCM-oriented CIM ECC design for single
direction faults due to PCM drift. (d)(e) Multi-weight encoding and cost of
proposed ECC design. (f) The impact of BER on rendering performance.
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tend to drift across the threshold into high-resistance
states(HRS). So we design a PCM-oriented CIM ECC with
shorter code length considering the unidirectional error
characteristics. As shown in Fig. 3(c), the unidirectional bit
error characteristics result in a behavior where erroneous
MAC results are always smaller than the ideal ones. Under
this assumption, we can eliminate one redundancy bit that
indicates the MAC error direction in each ECC code, thereby
simplifying the residue code used in CIM-oriented ECC. Fig.
3(d) demonstrates a 11.1% reduction in redundancy over prior
CIM-oriented ECC schemes[5], under our experimental
configuration of 128 data bits per codeword. Since the
bitwidth of our weights is 16 bits, we adopt the multi-weight
encoding method where multiple weights are packed into each
codeword, as shown in Fig. 3(e). The normalized metrics of
rendering quality, before and after ECC is applied( BER=10*
and 10, respectively), are shown in Fig.3(f). We observe that
PCM drift error has no effect on the final rendering quality
after ECC is applied.

Fig. 4 shows our R-ADC design for shorter settling time.
By breaking the largest capacitor in conventional SAR ADC
into 2 equal capacitors, we achieve 1.6x faster settling time
and the resul ing ENOB under 120MHz sample frequency
shows obvious advantage. Thus, reliable computation is
achieved at high throughput.

C. 2-level Sparsity Aware MAC Method for High Energy
Efficiency

As shown in Fig. 2(b), a large number of upper zeros exist
when the activations and weights are quantized to INTS. And
the long tail on the left indicates that there are some extremely
small values. High energy efficiency can be achieved by
exploiting the aforementioned bit-level and element-level
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sparsity. So we design a 2-level sparsity-aware MAC for
ACIM and DCIM respectively.

As shown in Fig 5, in ACIM we design an adaptive input
grouping method leveraging bit-level sparsity. Input grouping
method can group multiple bits and compute 64 same multi-
bit patterns in one input cycles. Unlike conventional design[6]
that has a fixed group size, our method dynamically adjusts to
the optimal group size according to an offline configuration
searched by a solver considering the input distribution. All-
zero patterns can be skipped directly, and fewer distinct
patterns among grouped multiple bits also reduce the input
cycles. MAC energy and latency can be reduce owing to the
concentrated distribution of operands and abundant high-order
zeros. Along with our binary weighted sampling R-ADC, the
weighted sum of the partial MAC results is computed in the
analog domain[12]. The grouped bits are used to control the
DAC sampling switch in the R-ADC, generating
corresponding weighted partial-sum. Such design eliminates
complicated digital shift-add logic, and thus largely increases
energy efficiency.

As shown in Fig. 6(a), for DCIM, we adopt a skipping
strategy leveraging element-level sparsity. Inputs of different
magnitude are divided into 3 parts. The largest part is sent to
both DCIM and Digit. and the middle part is sent only to
DCIM (Digit. skip rate r2), while the smallest part is
completely discarded (DCIM and Digit. skip rate rl). We
investigate the effect of skipping rate r1 and r2 on rendered
image (one is fixed at 0 while the other is parametrically
swept), and we choose the skipping rate that can maximize
cycle reduction and energy saving without compromising
image quality (<1% accuracy loss).

Together, the 2-level sparsity-aware MAC method offers
3.80x reduction in MAC latency and 3.39x reduction in MAC
energy, shown in Fig. 6(b).

III. PERFORMANCE EVALUATION

As shown in Fig. 7(a), our chip, two FPGAs and power
supply circuits are integrated on a single test board, connected
to a PC via a UART port. A rendering result of MP-FovNeRF
at a resolution of (1660,1440) is shown in Fig. 7(b). It can be
observed that the same object in foveal region exhibits higher
rendering quality than that in peripheral region. Since the
foveal region of human eyes provides 5-20x higher detail
resolution than the peripheral region[11], rendering accuracy
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high resolution. (c) FoM of rendered image quality comparison and (d) total
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in the foveal region is more critical than in the periphery. So
we adopt an accuracy FoM to evaluate the human visual
perception of rendering results in Fig. 7(c). The FoM of our
mixed-precision hardware implementation with ECC is nearly
equal to that of the full-precision software implementation.
The area efficiency is improved by 2.39x after two-level
sparsity is exploited, as shown in Fig.7(d). Constrained by the
size of PCM array per macro, higher area efficiency can be
achieved potentially.

As shown in Fig. 8, by exploiting the two-level sparsity,
the chip has achieved 3.04x reduction in energy per frame
compared with the baseline. The chip is fabricated in a 40nm
process, and the die area is 0.831 mm? excluding the IO pads.
The peak frequencies of ACIM and DCIM are 120MHz and
200MHz, respectively. Power and area breakdown of our
proposed PCM chip is also shown.

The comparison between state-of-the-art(SOTA) works is
shown in Table I. A hardware-software co-designed MP-
FovNeRF is implemented, supporting POSIT16, FP16 and
INTS8 data formats. Our work achieves 2.38 FPS/mm? area
efficiency. And the energy per frame is 3.58 mJ, which
outperforms SOTA works.

IV. CONCLUSION

This work presents a 40nm PCM-based mixed-precision
digital/analog CIM chip for edge foveated rendering. By
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Figure. 9. Comparison with state-of-the-art chips for rendering

hardware-software  co-designing MP-FovNeRF  with
POSIT16/INT8 mixed-precision computing, PCM-oriented
ECC and R-ADC for reliability, and a 2-level sparsity-aware
MAC scheme for efficiency, the proposed chip achieves low-

latency, reliable, and  energy-efficient rendering.
Measurement results show 3.58 ml/frame energy
consumption with nearly no loss in image quality,

demonstrating its strong potential for real-time edge VR/AR
rendering.
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