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[bookmark: _Toc189292434]Section A: PACE Architecture and Hardware
PACE adopts an incoherent optical computing architecture [1-4], as shown in Extended Data Fig. 1. This architecture offers several advantages: relatively simple and high-precision calibration, shorter coherent path (within Mach-Zehnder modulators, ~360μm long) leading to better temperature insensitivity, and system scalability. This also makes it particularly suitable for 2.5D/3D packaging, as the sources of control signals (electronic integrated circuits, EIC) are only micrometers away from the photonic integrated circuits. The PIC and EIC are both fabricated at TSMC. The EIC is flipped and bonded upside down on the PIC. And then the pads on the PIC connect to the substrate via wire bonding. The minimum pitch of bumps for EIC-PIC connectivity is 100μm, and the parasitic capacitance introduced is about 40 ~ 60fF. The wire bonding pads are used for the PLL clock, data delivery, power supply, debugging, and various other system functions. The external data is input through pads, travels across the metal traces on the PIC, and then reaches the flip chip area, which is connected to the EIC via bumps.
Extended Data Fig. 1 illustrates the PACE architecture, each vector element in PACE is copied 64 times using beam splitters. These copies are then multiplied with the matrix elements in the optical domain. The modulated optical signals, representing element-wise multiplication, are converted into photocurrents using photodetectors (PDs). These photocurrents are combined and summed in the electrical domain using parallel circuits, adhering to Kirchhoff's current law. The combined current is subsequently fed into a trans-impedance amplifier (TIA), where it is converted into a voltage signal. This voltage signal is then injected into a threshold tunable comparator, which can be adjusted with 8-bit precision. The output of the comparator is either 0 or 1, and it serves as the input for the next iteration of the process. Additionally, the threshold tunable comparator can also operate as an 8-bit analog-to-digital converter (ADC) at a lower speed by sweeping the threshold and identifying the critical threshold values for 0 and 1. 
In the PACE system, balanced carrier-injection electric-optic Mach-Zehnder modulators (MZMs) are employed for vector and weight encoding, which makes the system less sensitive to the specific laser wavelength [5]. Theoretically, the PACE architecture can tolerate laser sources with relatively wider linewidth. Furthermore, with the new architecture, there is no cross-channel interference among the 64 channels. The only interference presently occurs within the individual Mach-Zehnder interferometer (MZI). As a result, the four laser sources are not required to be coherent. In the experiments, the PACE system is powered by four distributed feedback (DFB) laser sources with typical linewidth at ~ 1-2MHz and wall-plug efficiency at ~10-20% under different operating temperature. The wavelengths of the four laser sources are aligned close to the peak wavelength of the grating couplers (GCs) for a better link budget. During operation, these laser sources' typical optical output power is similar to the typical values from reported platform [6], ranging from a few mW to a few hundred mW. The Table S1 presents a comparison of the optical loss between the PACE and reported platform. For the modulators of the reported case, we assume that the modulation efficiency is 1.6V.cm, the optical loss at 0V is 7.5dB/cm, and it’s driven by a 6V peak-to-peak signal. Therefore, the reported modulator optical loss at 0V is about 2dB. The maximum waveguide routing length is about 12mm in PACE. A noise density of 10 is used for SNR calculation and hence the PACE link budget is about 6.24dB better compared with the reported case, resulting in a 12.48dB SNR improvement in the optical domain comparison.
The weight matrix modulators within the system have a bandwidth of 62.5MHz (as shown in Extended Data Fig. 2a), with a  of 0.69mW. The average power consumption with completely random values is . The vector modulator shares the same fundamental design, but the signals are pre-emphasized for operation at a frequency of 1 GHz with 1-bit resolution. Further improvement on the modulation frequency can be achieved by using carrier-depletion electric-optic modulation, or by introducing new materials in the modulation such as Barium Titanate. The photodetectors (PDs) demonstrate a bandwidth of around 29 GHz at -2V bias voltage (as shown in Extended Data Fig. 2b). 
When executing workloads, the measured power consumption of the PACE, excluding the laser components, is approximately 1.9W. In the pipeline mode of operation, the PACE system can achieve a throughput of approximately 8.19 TOPS. The energy efficiency of the PACE system is measured to be around 4.21 TOPS/W excluding the lasers and 2.38 TOPS/W including lasers. The Table S2 shows the power consumption breakdown.
The total latency of PACE consists primarily of optical latency, the analog latency, and the latency from the digital part. As shown in Extended Data Fig. 1, it is obvious that when the matrix size increases by 1, the longest optical path also increases by a specific length , resulting in a latency increase of several picoseconds. The total latency of the analog part (DAC, TIA and comparator) is about 1~2 clock cycles, and the latency of the digital part is also about 1~2 clock cycles Accordingly, for an  matrix, the latency of PACE can be described as, , while the latency of TPU v1 is  since its system clock is about 700MHz [7], where  is the speed of light in vacuum and  is the group index in PIC.
Alternatively, the design of vector modulators can be adjusted, for example, by adopting depletion MZM, or microring modulator, etc., to increase the bandwidth. When the system clock frequency increases, the noise in the computational results significantly increases, which has an impact on the accuracy of matrix-vector multiplication. However, with well-manipulation of the nonlinearity, the photonics can achieve several GHz of signal processing while maintaining considerably high bit accuracy such as 8-bit [1,8]. Moreover, the impacts of noise on the Ising computation in this manuscript are different. The Heuristic recurrent algorithm used in the demonstration needs a certain level of noise to support convergence, including intrinsic noise from the hardware. And the final output vector element for each iteration converges to 1-bit data. In theory, the demonstrated approach tends to be more robust in the presence of a certain level of noise, instead of suppressed noise to minimum. As for the limitation of the digital part, a time-interleaved design may need to be considered to compensate for the speed mismatch. If so, the latency contributed by the analog part will be significantly reduced to the order of 100 ps. The optical latency and digital latency latencies remain consistent with the previous one. The overall latency reduction is expected to be about 1~2ns, primarily attributed to improvements in the analog part.
For clarification, weight-loading is not part of the computing cycles but is preloaded as one-time operation. In PACE, SPI is utilized for data transfer with a clock frequency of approximately 10MHz and a data rate of about 1Mbps. Refreshing an 8-bit weight matrix from the external takes roughly 3 milliseconds. To target larger matrix cases with tiling, an upgrade implementation such as enhanced I/O interfaces or on-chip SRAM, can significantly reduce the loading time to tens of nanoseconds for optimizations. In the future, other solution such as near-memory or in-memory computing, can also substantially mitigate or eliminate the impact from weight loading.
When scaling the matrix size (N×N), it’s necessary to ensure the close-to uniform photocurrent at each TIA input, as the photocurrent is proportional to 1⁄N. Consequently, the laser output power needs to be proportional to N. Benefiting from the incoherent architectural features, the system can be driven by multiple light sources when the matrix size scales up, even in the absence of a Semiconductor Optical Amplifier (SOA). Moreover, with the significant progress of the heterogeneous integration of SOA in recent years [9-13] , and integration of multiple laser sources, it becomes feasible to further expend the laser source array significantly. In terms of the further expansion of matrix size, it’s essential to seek matrix modulators that are of smaller size and have high modulation efficiency. High-efficient phase shifters based on heterogeneous integration of new materials such as phase change materials (PCM), MEMS, and Barium titanate (BTO) phase shifters could be viable options. For extremely big matrices, reticle stitching with suppressed low-loss waveguide on silicon nitride layers is also a feasible way to increase the die size.
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All optical computing hardware, including PACE, cannot directly perform high-precision calculations without calibration. Hardware imperfections and system noise make high-precision calibration extremely challenging. To mitigate the impact of noise on calibration, statistical sampling is used to suppress the noise. The imperfections of hardware are compensated through calibration.
In general, the calibration process of PACE is divided into two steps, independent calibration of vector elements and associated calibration of matrix elements. And it’s applicable to almost all incoherent architectures.
Calibration of vector elements
As illustrated in Extended Data Fig. 1, the vector element modulators are independent of each other. They can be calibrated in parallel. The main objective of calibration is to establish a “numerical-to-DAC code” lookup table (LUT), which can map numerical values to specific optical transmittances.
The DAC digital code vs. vector modulator transmission curves are extracted using the monitor module. And in the PACE system, the vector elements are 1-bit. We define the minimum value of the curves as 0 and the maximum as 1, and record the corresponding DAC digital codes of every channel, denoted as  and  . “0-to-” and “1-to-” together constitute the LUT of this channel. The Extended Data Fig. 3a showcases the raw transmission curve of a vector element channel, with labels indicating the DAC digital codes of numerical values “0” and “1”.
The output optical power  of the vector element modulator in the  channel can be described by the following equation, 
                           (1)
where,  represents the numerical value of the vector element (0 or 1),  represents the optical modulation amplitude (OMA), and  represents the optical intensity of the "0" state. Here, it is allowed for there to be differences between  and  across channels, and these differences will be calibrated in the matrix element section. 
Calibration of matrix elements
In PACE, there is no dedicated monitoring module designed for the matrix elements. Instead, their calibration is directly accomplished using the system's dot-product output channels. The calibration of individual matrix element modulators within a single dot product operation can mutually influence each other. Therefore, they need to be calibrated one by one.
Here, let's take the dot product channel of the  column as an example. The theoretical calculation it performs can be described as,
                             (2)
where， is the  matrix element of the  dot-product channel,  is the corresponding vector element for the  matrix element. Before the calibration, the reading from the system's ADC can be expressed by the following equation,
    (3)
where， is the link loss from  vector element modulator to the  row and  column matrix element modulator, which includes loss of beam splitter and waveguides.  and  are the responsivity of the two photodiodes (PDs) after the matrix element modulator.  and  are the transmissions of two outputs of matrix element modulators, which depends on the driving signals, .  is the cumulative dark current of the PDs. G represents the gain of TIA, and F is the transfer function of the ADC, which is typically linear. For PACE, there are two drive signals every matrix element modulator. Assuming a temperature-stable scenario, where  and  are the only variables in the system,
               (4)
In comparison with equation 6, the matrix element  is primarily related to , where  comes from the vector element modulators. However, to mitigate the effects of low extinction ratio (large ) and dark current, it is necessary to collect additional data. When calibrating the  matrix element modulator, 
Set the vector element  to 1 and shut down all the other vector channels (). And then set  of other matrix element channels to 0, and sweep the drive signals  of , the corresponding system output is
     (5)
Set all vector elements in all channels to 0, and repeat the operation from Step 1. The system output is
         (6)
Their difference is，
                   (7)
The data purification for calibration  is completed in this manner. The following step is to map the values of purified data to the matrix elements according to the requirements and build the LUTs for all matrix elements. The calibration of the matrix element  is done after this. In Extended Data Fig. 3b, the graph illustrates the data obtained after the purification and provides an example of building a 3-bit LUT.
Temperature dependence of ENOB
As mentioned in the last section, the devices on the photonic integrated circuit (PIC) are temperature-sensitive[5,14], particularly the Mach-Zehnder modulators (MZMs). To study the temperature variation’s impact, a thermoelectric cooler (TEC) is employed to precisely control the surface temperature of the PIC. Here, we calibrated and tested it at different temperatures, resulting in the Table S3. 
The PACE system utilizes an open-loop thermal control strategy, where the temperature is regulated exclusively by setting the target temperature of the thermoelectric cooler (TEC) module. However, variations in temperature can alter the transfer function of the modulators, thereby invalidating the initial calibration. In the event of uncontrolled temperature fluctuations, it is necessary to establish temperature-dependent lookup tables at intervals of 5 to 10°C, and then select the appropriate lookup table based on the local operating temperature. 
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In the main text Fig.3, we have demonstrated the multiplication accuracy of random vectors and the corresponding matrices matching with the two different workloads in the demonstration. To show the consistency in more general weight configurations, we run additional characterization with 30,000 randomized weight and vector injection. The following is the statistic result of the 30,000 random weight vector dot product operations. Extended Data Fig. 4a shows the comparison between the true value and the result of the optical matrix-vector multiplication, and Figure Extended Data Fig. 4b is the histogram of the errors. The results reveals that the MVM accuracy is consistent with respect to all different weight configurations. And the histogram shows an average error of -0.06LSB and a standard deviation of 1.37LSB.
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In the comparative analysis of the performance between PACE and GPU in solving the Ising problem, the focus is on the difference in execution duration for the iterative loop, which forms the core of the task. While GPUs indeed offer outstanding parallelism and high throughput, the specific algorithms used for Ising problem solving – such as those involving recurrent neural networks (RNNs) like in this work – often have inherent serial dependencies between iterations. This serialization fundamentally limits the extent to which parallel computing resources can be utilized, even on GPUs with the capability to handle larger size MVM calculation. Therefore, simply increasing parallel computing power or utilizing higher bit precision does not necessarily resolve the bottleneck in these cases.
In the Ising demo using GPU, the following optimizations are made to achieve the fastest iteration:
1. We placed 5000 iterations inside the kernel function, which reduced the time overhead of launching the kernel function. Each time the kernel is launched, there is a certain amount of time consumed.
2. Due to the symmetry of the matrix, we performed a transpose operation to enable coalesced access, where multiple threads access contiguous memory locations.
3. The noise in the computations is generated using a random function, and in this case, we used the “curand_uniform” function, which is from the CURAND library and specifically designed for GPUs. It offers excellent performance and is easy to use.
4. During the iterations, there is no allocation of memory or device memory. All the allocations and releases are done at the beginning and at the end of the program.
5. The adjacency matrix is placed in shared memory. It is furthermore located within each thread block and has a much faster access speed than global memory, making it suitable for sharing data within a thread block.
6. Perform thread synchronization only when necessary, avoiding the performance overhead caused by unnecessary synchronization operations.
7. Optimized the summation operation using reduce-sum, which can effectively utilize shared memory and thread-level parallelism to quickly compute the summation result.
The Extended Data Fig. 6 shows the difference in Ising flow between PACE and A10 GPU (manufactured using Samsung 8nm process). The main difference between the two lies in the way that the energy calculation is handled. For the GPU case, the durations for single Ising iteration and energy calculation are 0.83μs and 1.50μs respectively, with the former taking roughly 1/3 of the entire cycle. By further optimizing the identified aspect with an assumption that parallelization can be done with a target ASIC design in the GPU configuration, the anticipated duration for 5,000 iterations is estimated to be improved to approximately 4.15 milliseconds. In that scenario, even comparing to an ASIC-like GPU tweaked specifically to tailor the computing time consumption, the total effective computing time is about 107 times smaller considering the average number of iterations. Here weight-loading is neither included in PACE nor A10 GPU latency calculation in consistence with previous evaluation.
We also note that the PACE latency advantages scale to greater matrix sizes. For larger matrices (up to sizes N = 1,000) the scheme used in PACE still exhibit significant latency advantages compared to the A10 GPU. Extended Data Fig. 7 shows the differences between them. For large matrices, the execution time of A10 requires tens of microseconds, while the latency based on the PACE scheme will still be less than 10 ns.
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Table S1. Comparison between the PACE and reported designs.
	No.
	Device/Parameters
	PACE
	Reported

	1
	Optical I/O loss
	-1dB
	-1.5dB 

	2
	Modulator optical loss at 0V
	-0.62dB
	-2dB

	3
	PD responsivity at -1.5V
	1A/W
	0.9A/W 

	4
	Silicon waveguide loss
	-0.45dB/cm
	-2.55dB/cm






Table S2. The measured power consumption breakdown on PACE.
	No.
	Power Categories
	Current(mA)
	Voltage (V)
	Power(W)

	1
	VDD_0p9V
	60
	0.895
	0.05

	2
	VDD_1p8V
	1031
	1.792
	1.85

	5
	Laser module1
	60
	5.05
	0.40

	6
	Laser module2
	60
	5.05
	0.40

	7
	Laser module3
	55
	5.05
	0.38

	8
	Laser module4
	53
	5.05
	0.36

	9
	Total Power
	
	
	3.44






Table S3. Temperature dependence of ENOB.
	#
	Calibration temperature(°C)
	Test temperature(°C)
	ENOB degradation(bit)

	1
	5
	5
	0 (baseline)

	
	
	10
	-1.42

	
	
	15
	-1.13

	2
	15
	10
	-1.36

	
	
	15
	0 (baseline)

	
	
	20
	-0.7

	3
	25
	20
	-1.05

	
	
	25
	0 (baseline)

	
	
	35
	-0.14

	4
	35
	25
	-0.67

	
	
	30
	-0.83

	
	
	35
	0 (baseline)
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