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[bookmark: _Hlk231159909]Supplementary Note 1: Simulation methods
Device-level simulations were performed using experimentally measured I–V characteristics and resistance-state distributions as input parameters. A numerical framework based on a dual-barrier ferroelectric-coupling model was constructed to fit the dependence of device resistance on pulse amplitude and polarization state. All simulations were conducted in Python using SciPy for parameter regression. A Monte Carlo device model was further established using experimentally extracted high/low resistance ranges, exponential-mapping relations, and state-noise statistics.
For array-level simulations, the actual (9×3)×9 topology was implemented, incorporating non-idealities such as row/column addressing delays, parasitic coupling, readout resistance, and pulse attenuation to closely match hardware behavior. The inference procedure mirrors the hardware workflow: quantized weights are first written into the virtual array, followed by sequential row readout, linear accumulation, exponential mapping, and normalization.
System-level simulations were carried out by constructing a lightweight generative-model framework in Python, using the simulated array output conductance as intermediate network features. The effects of device noise, weight perturbation, and pulse errors on generation accuracy were statistically analyzed. All simulations were repeated at least 20 times under a fixed random seed to ensure statistical stability.
[bookmark: OLE_LINK83]The first-principles calculation was based on the pseudo-potential density-functional-theory (DFT) code Vienna Ab initio Simulation Package (VASP) with the projected augmented wave (PAW) method. The generalized-gradient-approximation (GGA) was adopted using the Perdew–Burke–Ernzerhof (PBE) exchange-correlation functional. The lattice constants were set as 6.41 and 6.54 Å for the a and b axes, respectively, and the angle between the a and b axes was set as 119.3°. Meanwhile, the height of the vacuum layer was set as 20 Å to prevent interlayer interactions. In the relaxations, the convergence criteria were set to be 0.001 eV/Å and 10−5 eV/atom, respectively, with a 5×5×1 Monkhorst-Pack k-point grid and a 550 eV energy cutoff. The van der Waals (vdW) interactions were semi-empirically described by the DFT-D3 correction method of Grimme. The electric polarization was calculated by the evaluation of the Berry phase expressions according to the modern theory of polarization. 
The 1T monolayer ReS2 is known to undergo a spontaneous lattice distortion to the 1T’ structure where the Re atoms form characteristic in-plane Re–Re zigzag chains. The 1T′ monolayer ReS2 has the inversion symmetry, which prohibits the emergence of polarization. To study the sliding ferroelectricity of bilayer ReS2, we first stack two monolayers according to the xy-plane mirror symmetry, then slide the upper layer along the a and b axes with the sliding distance . The method is the same as that in ref. 27.
For in-plane transport through the FeS-FET channel, the carrier densities in monolayer or few-layer ReS2 are described by Fermi–Dirac statistics as
                      

respectively, with  the 2D electronic (hole) density of states (DOS), where the electronic (hole) effective mass  is obtained from the curvature of the conduction (valence) band in the vicinity of its minimum (maximum).  is the layer thickness. The resistance of FeS-FET devices can be written as  where the electronic and hole conductivities are  and , respectively, with  the carrier mobility, which was taken as 16 cm2V1s1 (ref. 41). Here,  and  are the length and section area of the channel. In experiment, the majority carriers of a monolayer or few-layer ReS2 FeS-FET device are electrons, which dominate the contribution to the resistance.
For out-of-plane transport across the FTJ, the electronic conductivity along the z-axis was calculated using the semi-empirical Boltzmann transport theory42, which adopts a constant relaxation time , irrelevant with the band index and the wave vector. In our calculation, it is set as 1016 s.
According to the Wentzel-Kramers-Brillouin (WKB) approximation, the transmission through the FTJ is . Here, the FTJ is simplified as a 1D square barrier, with  the barrier width. In the linear response regime,  with  and . On the other hand, the electronic density in the ReS2 FeS-FET device is approximately , and the resistance . As a result, we can obtain the relation , where , yielding:

For high-field operation, the out-of-plane transport across the FTJ can be further described by the Fowler–Nordheim tunneling model:
                           (3)
where E is the effective electric field and  is the polarization-modulated tunneling barrier. The tunnel resistance satisfies   . Since both transport channels are controlled by the same sliding-ferroelectric polarization state, eliminating the intermediate barrier term gives:
                           (4)
This indicates an intrinsic nonlinear coupling between the vertical tunneling resistance and the lateral channel resistance under the FN regime, thereby expanding the accessible nonlinear operating space of the coupled ferroelectric architecture. This relationship accounts for the results shown in Fig. 1c.





Supplementary Figure S1 | Raman spectroscopy of ReS2. The representative Raman spectrum of exfoliated ReS2 shows three characteristic in-plane vibrational modes at approximately ~150, ~161, and ~211 cm-1, corresponding to the Ag phonon modes. The presence and relative intensity of these peaks confirm both the crystallographic phase and the high crystalline quality of the ReS2 flakes.
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Supplementary Figure S2 | Atomic force microscopy (AFM) topography. AFM height image of a representative ReS2 flake deposited on the substrate. The dashed line indicates the position where the height profile is extracted.
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描述已自动生成]Supplementary Figure S3 | Long-term retention of the resistive states measured over more than one year. a-b, Retention characteristics of representative HRS and LRS in the FeS-FET (a) and the FTJ (b). The resistance states were measure up to 105 s and remeasured at 107 s, confirming that both states remain well separated after long-term storage. 
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Supplementary Figure 4 | Schematic illustration of the nine-dimensional word embedding representation used in the hardware-based generative task. Each word in the vocabulary is encoded as a 9-element numerical vector, corresponding directly to the nine input channels of the COA array. Representative embedding vectors for selected tokens (e.g., “want”, “eat”, “pizza”) illustrate how semantic information is distributed across the nine dimensions. 
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Supplementary Figure 5 | Distributions and comparison of projection weights. a, Distribution of the trained key projection weights (Wk). b, Distribution of the trained value projection weights (Wv). c, Distribution of the trained query projection weights (Wq). d, Distribution of the learned word embedding weights, reflecting the numerical range of the nine-dimensional input representations. e, Combined comparison of the weight distributions for Wq, and Wv, highlighting their relative scales and overlap. f, Distribution of the output projection weights (Wout). These statistical results confirm that all weight matrices stay within a bounded and hardware-compatible numerical range after training.
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描述已自动生成]
Supplementary Figure 6 | Estimated latency and energy comparison with conventional CIM. (a) Estimated latency and energy consumption for transformer attention executed by the hardware COA array, compared with a conventional analog CIM implementation. (b) Estimated latency and energy consumption for the large-scale measured-parameter generative simulation using measured device parameters, compared with a conventional analog CIM implementation.
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Supplementary Figure 7 | Schematic illustration of the three-terminal COA unit cell and its arrangement in an array architecture. Each unit cell integrates a lateral FeS-FET and a vertical FTJ sharing a common source line. The gate, source, and drain lines are orthogonally organized to enable independent addressing of in-plane transport and out-of-plane tunneling within the same physical unit. Enlarged schematic views highlight the vertical FTJ structure, defined by top and bottom electrodes with a ferroelectric barrier of thickness d, as well as the lateral FeS-FET structure with source, drain, and gate electrodes, illustrating the dual-channel configuration enabled by the shared ferroelectric medium.
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[bookmark: _Hlk231362116]Supplementary Figure 8 | Block diagram of the experimental measurement and control system for the COA array. This scheme illustrates the three-terminal addressing using gate line (GL), source line (SL), and drain line (DL). The system-level architecture integrates the COA array with FPGA-based control electronics, including row-source (Row-S), row-drain (Row-D), and column selection, along with peripheral digital-to-analog converters (DACs), analog-to-digital converters (ADCs), and transimpedance amplifiers (TIAs), enabling programmable write–read operations and parallel array-level measurements.
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Supplementary Figure 9 | Detailed algorithmic structure and layer-wise parameters of the generative model used in the simulations. The LFP encoder takes preprocessed LFP signals of shape 250×128 (time steps × channels) as input. A one-dimensional temporal convolution layer is applied first, with 128 input channels, 64 output channels, a kernel size of 3, and a padding of 1. This is followed by batch normalization, ReLU activation, and a dropout rate of 0.3. The resulting feature map retains the temporal length of 250 and is reshaped into a sequence of 250 feature vectors, each with 64 dimensions. These features are then processed by a two-layer LSTM with a hidden size of 64, operating in batch-first mode. The hidden state at the final time step is extracted and passed through a fully connected classifier, which consists of a 64-unit linear layer, ReLU activation, dropout (0.3), and a final linear projection to 4 output classes, resulting in a compact emotion state representation. The generative decoder is implemented as a lightweight Transformer model with a vocabulary size of 256 and an embedding dimension of 9. Each input token is mapped to a 9-dimensional embedding vector, which is then linearly projected into query (Q), key (K), and value (V) representations using three independent linear layers of size 9×9, all without bias. The context is then passed through a final linear layer of size 9×256 to produce token logits, which are normalized by Softmax during inference to generate probabilistic text outputs.
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[bookmark: OLE_LINK11][bookmark: OLE_LINK53]Supplementary Figure 10 | Emotion-intensity-dependent semantic controllability in COA-based generation. a, Emotion-intensity–dependent spectrograms and generated sentences, illustrating the tunability of semantic strength. As hunger intensity gradually increases, the model generates sentences that smoothly transition from mild intent (“I feel a little hungry, I want to look for a snack”) to urgent necessity (“I am starving! I must eat something immediately”). b, Probability evolution of key intention verbs (“want,” “need,” “must”) as a function of emotion intensity.
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| feel a little hungry, | want to look for a snack.
| am starving! | must eat something immediately.

| am hungry now, | need to find some food to eat.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
L

d




