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Spiking Neural Networks (SNNs) are biologically-inspired deep neural networks that efficiently extract temporal
information while offering promising gains in terms of energy efficiency and latency when deployed on neuro-
morphic devices. SNN parameters are sensitive to temporal resolution, leading to significant performance drops
when the temporal resolution of target data during deployment is not the same as that of the source data used
for training, especially when fine-tuning with the target data is not possible during deployment. To address this
challenge, we propose three novel domain adaptation methods for adapting neuron parameters to account for
the change in time resolution without re-training on target time resolution. The proposed methods are based
on a mapping between neuron dynamics in SNNs and State Space Models (SSMs) and are applicable to general
neuron models. We evaluate the proposed methods under spatio-temporal data tasks, namely the audio key-
word spotting datasets SHD and MSWC, and the neuromorphic image NMINST dataset. Our methods provide an
alternative to-and in most cases significantly outperform-the existing reference method that consists of scaling
only the time constant. Notably, when the temporal resolution of the target data is double that of the source
data, applying one of our proposed methods instead of the benchmark achieves classification accuracy of 89.5 %
instead of 53.0 % on SHD, 93.6 % instead of 38.8 % on MSWC and 98.5 % instead of 97.2 % on NMNIST. Moreover,
our results show that high accuracy on high temporal resolution data can be obtained by time-efficient training
on lower temporal resolution data.

1. Introduction Bahi et al. (2025), we focus on the extreme case of no retraining on
target domain.

Domain adaptation addresses the scenarios in which a model is con- In a conventional data acquisition set-up, where values of signals

fronted with a domain shift after deployment, while its task remains the
same, such as face recognition under different lightning conditions or
poses (Farahani et al., 2021; Liang et al., 2024). The domain shift refers
to a change in feature space between the source domain on which the
model was trained, and the target domain on which the model is evalu-
ated. The change in feature space has been studied from various aspects,
particularly for visual data (Patel et al., 2015; Zubic et al., 2024), but has
rarely been explored with respect to temporal resolution shift for tem-
poral data. Our work focuses precisely on this under-explored aspect,
investigating feature discrepancies caused by differences in temporal
resolution between the source and target data. While domain adapta-
tion typically involves transferring knowledge between the source and
target data by re-training parts of the model or the entire model using
samples from target domain, Patel et al. (2015), Sun et al. (2019) and
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of interest are recorded at regular intervals, temporal resolution is pri-
marily determined by the time interval between successive samples. For
instance, the frame rate of a video stream or the sampling rate of an au-
dio recording determines the temporal resolution. In the case of event-
based sensing, e.g. Gallego et al. (2022), where changes in the scene are
recorded with time-stamps, temporal resolution is determined by the
temporal accuracy of time-stamps.

Various practical limitations lead to data with varying temporal res-
olution. For instance, limited memory capacity and power constraints
often require lower sampling rates of data acquisition or storage de-
vices (Dieter et al., 2005; ur Rehman et al., 2016). Additionally, sensor
quality and bandwidth limitations further restrict temporal resolution,
as high-resolution sensors and real-time transmission demand more re-
sources (Chen et al., 2021; Park et al., 2021). Consequently, changes
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\begin {alignat}{10} u[t+1] &= \alpha (u[t] - \theta s_{out}[t] ) + (1-\alpha ) (\textit {\textbf {W}} \boldsymbol {s}_{in}[t] +\boldsymbol {V} \boldsymbol {s}_{out}[t]) \notag \\ &\quad - (1-\alpha ) u[t] \label {eqn:adLIFmem} \\ u[t+1]& = a u[t] + \beta u[t] + b s_{out}[t] \label {eqn:adLIFadap}\\ s_{out}[t]& = g_\theta (u[t]) \label {eqn:adLIFspk}\end {alignat}
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\begin {align}\! \boldsymbol {V}[t+1] &= \boldsymbol {H}_{v} \boldsymbol {v}[t] + \boldsymbol {H}_{f} s_{out}[t] + \boldsymbol {H}_{i} \boldsymbol {W} \boldsymbol {s}_{in}[t] + \boldsymbol {H}_{r} \boldsymbol {V} \boldsymbol {s}_{out}[t] \label {eqn:generalLIFintro:line1}\\ s_{out}[t] &= g_{\boldsymbol {\Theta }}(\boldsymbol {V}[t]) =\begin {cases} 1 \text { if }\boldsymbol {v}[t] \in \boldsymbol {\Theta } \\ 0 \text { otherwise} \end {cases} \label {eqn:generalLIFintro:line2}\end {align}


$\boldsymbol {v} \in \mathbb {R}^{n \times 1}$
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\begin {align}\label {eqn:adLIFneuronrearanged} \! \begin {bmatrix} u[t+1] \\ u[t+1] \end {bmatrix} = &\begin {bmatrix}\alpha & -(1-\alpha )\\ a &\beta \end {bmatrix} \begin {bmatrix} u[t] \\ u[t] \end {bmatrix} + \begin {bmatrix} - \alpha \theta \\ b \end {bmatrix} s_{out}[t] \notag \\ & + \begin {bmatrix} 1-\alpha \\ 0\end {bmatrix} \boldsymbol {W} \boldsymbol {s}_{in}[t] + \begin {bmatrix} 1-\alpha \\ 0\end {bmatrix} \boldsymbol {V} \boldsymbol {s}_{out}[t].\end {align}


$\boldsymbol {v}=\begin {bmatrix} uNoArg, uNoArg \end {bmatrix}^T$


\begin {align}\label {eqn:adLIFHmatrices} \boldsymbol {H}_{v} &= \begin {bmatrix}\alpha & -(1-\alpha )\\ a &\beta \end {bmatrix}, \boldsymbol {H}_{f} = \begin {bmatrix} - \alpha \theta \\ b \end {bmatrix}, \boldsymbol {H}_{i} = \begin {bmatrix} 1-\alpha \\ 0\end {bmatrix}, \text {and} \notag \\ \boldsymbol {H}_{r} &= \begin {bmatrix} 1-\alpha \\ 0\end {bmatrix}.\end {align}
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$k=v,i,f,r$


\begin {align}\label {eqn:mappingformal} \boldsymbol {H}_{v,(T)}, &\boldsymbol {H}_{i,(T)}, \boldsymbol {H}_{f,(T)}, \boldsymbol {H}_{r,(T)} \notag \\ &= {\cal {M}}(\rho , \boldsymbol {H}_{v,(S)}, \boldsymbol {H}_{i,(S)}, \boldsymbol {H}_{f,(S)}, \boldsymbol {H}_{r,(S)}),\end {align}


${\cal {M}}(.)$
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\begin {align}\label {eqn:rhodefinition} \rho = \frac {\Delta _T}{\Delta _S} = \frac {N_{S}}{N_T} = \frac {1}{\bar {\rho }}\end {align}
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\begin {align}\boldsymbol {v}[t+1] &= \mathcal {F}(\boldsymbol {v}[t], \boldsymbol {f}[t]) \\ \boldsymbol {y}[t] &= \mathcal {G}(\boldsymbol {v}[t], \boldsymbol {f}[t])\end {align}


$\boldsymbol {v}[t] \in \mathbb {R}^{n \times 1}, \boldsymbol {f}[t] \in \mathbb {R}^{r \times 1}$
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\begin {align}\!\mathcal {F}(\boldsymbol {v}[t], \boldsymbol {f}[t]) &= \boldsymbol {H}_{v} \boldsymbol {v}[t] + \boldsymbol {H}_{f} g_{\boldsymbol {\Theta }}(\boldsymbol {v}[t]) + \begin {bmatrix} \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} \boldsymbol {f}[t] \\ \!\mathcal {G}(\boldsymbol {v}[t], \boldsymbol {f}[t]) &= g_{\boldsymbol {\Theta }}(\boldsymbol {v}[t])\end {align}


$\boldsymbol {f}[t]=\begin {bmatrix}\boldsymbol {W} \boldsymbol {s}_{in}[t], \boldsymbol {V} \boldsymbol {s}_{out}[t] \end {bmatrix}^T$
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\begin {align}\boldsymbol {v}[t+1] &= \mathcal {F}_A(\boldsymbol {v}[t]) + \mathcal {F}_B(\boldsymbol {f}[t])\\ \boldsymbol {y}[t] &= \mathcal {G}_C(\boldsymbol {v}[t]) + \mathcal {G}_D(\boldsymbol {f}[t])\end {align}


$\mathcal {F}_A(\cdot ), \mathcal {F}_B(\cdot ), \mathcal {G}_C(\cdot )$


$\mathcal {G}_D(\cdot )$


\begin {align}\mathcal {F}_A(\boldsymbol {v}[t]) &= \boldsymbol {H}_{v} \boldsymbol {v}[t] + \boldsymbol {H}_{f} g_{\boldsymbol {\Theta }}(\boldsymbol {v}[t])\\ \mathcal {F}_B(\boldsymbol {f}[t]) &= \begin {bmatrix} \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} \boldsymbol {f}[t] \\ \mathcal {G}_C(\boldsymbol {v}[t]) &= g_{\boldsymbol {\Theta }}(\boldsymbol {v}[t]) \label {eqn:non-lssm-constraintandsnn:correspondence:C} \\ \mathcal {G}_D(\boldsymbol {f}[t]) &= \boldsymbol {0} \label {eqn:non-lssm-constraintandsnn:correspondence:D}\end {align}


$\boldsymbol {f}[t]=\begin {bmatrix}\boldsymbol {W} \boldsymbol {s}_{in}[t], \boldsymbol {V} \boldsymbol {s}_{out}[t] \end {bmatrix}^T$


\begin {align}\boldsymbol {u}[t+1] = \boldsymbol {A} \boldsymbol {u}[t] + \boldsymbol {B} \boldsymbol {f}[t]\\ \boldsymbol {y}[t] = \boldsymbol {C} \boldsymbol {u}[t] + \boldsymbol {D} \boldsymbol {f}[t],\end {align}
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\begin {align}\boldsymbol {A} \boldsymbol {v}[t] &\rightarrow \mathcal {F}_A (\boldsymbol {v}[t]) \\ \boldsymbol {B} \boldsymbol {f}[t] &\rightarrow \mathcal {F}_B (\boldsymbol {f}[t])\\ \boldsymbol {C} \boldsymbol {v}[t] &\rightarrow \mathcal {G}_C (\boldsymbol {v}[t])\\ \boldsymbol {D} \boldsymbol {f}[t] &\rightarrow \mathcal {G}_D (\boldsymbol {f}[t])\end {align}
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$\boldsymbol {A}=\boldsymbol {H}_{v} + \boldsymbol {H}_{f} \boldsymbol {G}_{\boldsymbol {\Theta }}$
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$g_{\boldsymbol {\Theta }}(\cdot )$
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$\boldsymbol {B}=\begin {bmatrix}\boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r}\end {bmatrix}$


\begin {align}\boldsymbol {v}[t+1] &= \boldsymbol {H}_{v} \boldsymbol {v}[t] +\begin {bmatrix} \boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} \begin {bmatrix} s_{out}[t] \\ \textbf {W} \boldsymbol {s}_{in}[t] \\ \boldsymbol {v} \boldsymbol {s}_{out}[t] \end {bmatrix} \\ s_{out}[t] &= g_{\boldsymbol {\Theta }}(\boldsymbol {v}[t])\end {align}


\begin {align}\label {eqn:state:evaluation:withSNNconnection} \boldsymbol {v}[t+1] &= \boldsymbol {A} \boldsymbol {v}[t] + \boldsymbol {B} \boldsymbol {f}[t]\end {align}


$\boldsymbol {v} \in \mathbb {R}^{n \times 1}, \boldsymbol {A} = \boldsymbol {H}_{v} \in \mathbb {R}^{n \times n}, \boldsymbol {B} = \begin {bmatrix} \boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} \in \mathbb {R}^{n \times r}$


$\boldsymbol {f}[t] = \begin {bmatrix} s_{out}[t], \textbf {W} \boldsymbol {s}_{in}[t], \boldsymbol {V} \boldsymbol {s}_{out}[t] \end {bmatrix}^T \in \mathbb {R}^{r \times 1}$


$\boldsymbol {f}$


$\boldsymbol {A}$


$\boldsymbol {B}$


$\boldsymbol {y}[t]$


$\boldsymbol {A}$


$\boldsymbol {B}$


\begin {align}\boldsymbol {A} &= \boldsymbol {H}_{v} = \begin {bmatrix}\alpha & -(1-\alpha )\\ a &\beta \end {bmatrix}, \\ \boldsymbol {B} &= \begin {bmatrix} \boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} =\begin {bmatrix} -\alpha \theta & 1-\alpha & 1-\alpha \\ b&0&0\end {bmatrix}.\end {align}


${\cal {M}}(.)$


$\Delta _S$


$\Delta _T$


$\rho = \frac {\Delta _T}{\Delta _S}$


\begin {align}\! \boldsymbol {H}_{v}T &= \left ( \boldsymbol {H}_{v,(S)} \right )^ \rho \\ \boldsymbol {H}_{k,(T)} &= (\boldsymbol {H}_{v,(T)} - \boldsymbol {I}) (\boldsymbol {H}_{v,(S)} - \boldsymbol {I})^{-1} \boldsymbol {H}_{k,(S)}\end {align}


$k=s,f,r$


\begin {align}\! \boldsymbol {H}_{v,(T)} &= \boldsymbol {I} + \rho (\boldsymbol {H}_{v,(S)} - \boldsymbol {I}) \\ \boldsymbol {H}_{k,(T)} &= \rho \boldsymbol {H}_{k,(T)}\end {align}


$k=s,f,r$


$\Delta $
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$(\sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r2}^{\bar {\rho }-j})$


\begin {align}\boldsymbol {A}_{r1} &= \boldsymbol {A}_{r2}^{\frac {1}{\bar {\rho }}} \\ \boldsymbol {B}_{r1} &= (\sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r1}^{\bar {\rho }-j})^{-1} \boldsymbol {B}_{r2}\end {align}


$\mathbb {E}[\boldsymbol {v}_{r2}[m]] = \mathbb {E}[ \boldsymbol {V}_{r1}[m\bar {\rho }]]$


\begin {align}\boldsymbol {A}_{r2} &= \boldsymbol {A}_{r1}^{\bar {\rho }} \\ \boldsymbol {B}_{r2} &= \sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r1}^{\bar {\rho }-j} \boldsymbol {B}_{r1},\end {align}


$\mathbb {E}[\boldsymbol {v}_{r2}[m]] = \mathbb {E}[ \boldsymbol {v}_{r1}[m\bar {\rho }]]$


\begin {align}\noindent \! \boldsymbol {H}_{v,(T)} &= \left ( \boldsymbol {H}_{v,(S)} \right ) ^ \rho \\ \! \boldsymbol {H}_{k,(T)} &=\begin {cases} (\sum ^{\rho }_{j=1}\left ( \boldsymbol {H}_{v,(S)} \right )^{\rho -j}) \boldsymbol {H}_{k,(T)} & \rho \geq 1 \\ (\sum ^{1/\rho }_{j=1}\left ( \boldsymbol {H}_{v,(T)} \right )^{1/\rho -j})^{-1} \boldsymbol {H}_{k,(T)} & \rho < 1 \end {cases}\end {align}
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$\alpha ,\beta , a \in (0, 1)$


$\rho =1/\bar {\rho }$


$\boldsymbol {H}_{v,(S)}$


$\boldsymbol {H}_{k,(S)}$


$k=v,s,f,r$


$h_{(S)}=\exp ^{-\Delta _S/\tau }$


$\tau \in \mathbb {R}_{+}$


$h_{(S)}$


$\Delta _S$


$\boldsymbol {H}iT$


$k=v,s,f,r$


$\boldsymbol {H}_{k,(S)}$


$h_{(T)}= \left ( h_{(S)} \right )^{\rho }$


$h_{(T)}$


$\alpha _{(T)} = \alpha _{(S)}^{\rho }$


$\beta _{(T)} = \beta _{(S)}^{\rho }$


$T$


$-(1-\alpha _{(T)})$


$a$


$b$


$\rho $


$(n\times n)$


$(n\times 1)$


$\propto n^2$


$(n\times n)$


$\propto n^3$


$\rho >1$


$(n\times n)$


$\propto (\rho -1) n^3 \propto \rho n^3$


$\rho <1$


$(n\times n)$


$\propto (1/\rho ) n^3$


$\boldsymbol {H}_{v} \in \mathbb {R}^{n \times n}$


$\boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \in \mathbb {R}^{n \times 1}$


$\rho \geq 1$


$\rho \, n^3$


$\boldsymbol {H}_{v,(T)}$


$n^3$


$\boldsymbol {H}_{k,(T)}$


$k=s,f,r$


$n^2$


$\boldsymbol {H}_{v,(T)}$


$n$


$\boldsymbol {H}_{k,(T)}$


$k=s,f,r$


$\rho \, n^3$


$\boldsymbol {H}_{v,(T)}$


$\rho \, n^3$


$k=s,f,r$


$\rho <1$


$\rho $


$1/\rho $


$\rho \geq 1$


$\sum ^{L}_{l=1} h_l$


$h_l$


$l$


$L$


$h_l$


$\rho \, n^3 h_l$


$n^2 h_l$


$\rho n^3 h_l$


$\rho $


$\sum ^{L}_{l=1} h_{l-1}h_{l}$


$\sum ^{L}_{l=1} h_{l-1}h_{l} + h_{l}^2$


$n$


$h_l$


$h_l \gg n$


$h_l^2$


$T$


$T h_l^2$


$T h_l^2$


$T$


$\propto T h_l^2$


$3T h_l^2$


$3 B T h_l^2$


$B$


$\rho n^3 h_l$


$3BT h_l^2$


$h_l \gg n$


$B,T \gg 1$


$3BT h_l^2 \gg \rho n^3 h_l$


$h_l$


$n, h_l, T$


$B$


$n=2$


$h_l=1024$


$T=100$


$T=201$


$\rho n^3 h_l=\rho \times 2^3\times 1024$


$T h_l^2=100\times 1024^2$


$B=8332$


$B=5\times 10^4$


$20$


$0$


$9$


$8156$


$2264$


$700$


$100$


$1$


$95.1\,\%$


$94.6\,\%$


$100$


$20$


$5$


$600$


$100$


$20$


$201$


$93.48\,\%$


$10$


$0$


$9$


$60 000$


$10 000$


$(34 \times 34 \times 2, N)$


$N\approx 300$


$99.6\,\%$


$1$


$b=1$


$b=2, 3, 4, 10$


$10$


$2$


$1024$


$50$


$50$


$4$


$(x, y, z, w)$


$x, y, z, w \in \mathbb {Z}$


$b=2$


$(x + y, z + w)$
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$100$


$b_{S}=1$


$b_{T}=2$


$b_{S}=2$


$b_{T}=1$


$b_{S}=2$


$b_{T}=1$


$b_{S}=1$


$b_{T}=2$


$b_{S}$


$b_{T}$


$Q_{1}$


$Q_{2}$


$1$


$10^2$


$Q_{1} \approx 1$


$Q_{2} \approx 1$


$s_{out}[t]$


$\boldsymbol {A}=[\boldsymbol {H}_{v}]$


$\boldsymbol {B}=\begin {bmatrix}\boldsymbol {H}_{f}, \boldsymbol {H}_{i}, \boldsymbol {H}_{r}\end {bmatrix}$


$g_{\boldsymbol {\Theta }}(\cdot )$


$\boldsymbol {A}=\boldsymbol {H}_{v} + \boldsymbol {H}_{f} \boldsymbol {G}_{\boldsymbol {\Theta }}$


$\boldsymbol {B}=\begin {bmatrix}\boldsymbol {H}_{i}, \boldsymbol {H}_{r}\end {bmatrix}$


$s_{out}[t] = g_{\boldsymbol {\Theta }}(\boldsymbol {V}[t])$


$s_{out}[t] = g_\theta (u[t])$


$g_\theta (\cdot )$


$\theta $


$u[t]$


$\boldsymbol {V}[t]$


$g_\theta (u[t])$


$s_{out}[t] \approx 0.5 u[t]$


\begin {align}\label {eqn:generalLIFrearange:new} \! \boldsymbol {v}[t+1] &\approx \boldsymbol {H}_{v} \boldsymbol {v}[t] + \boldsymbol {H}_{f} \begin {bmatrix} 0.5, & 0 \end {bmatrix} \boldsymbol {v}[t] + \begin {bmatrix} \boldsymbol {H}_{i}, \boldsymbol {H}_{r} \end {bmatrix} \begin {bmatrix} \textbf {W} \boldsymbol {s}_{in}[t] \\ \boldsymbol {V} \boldsymbol {s}_{out}[t] \end {bmatrix}.\end {align}


\begin {align}\label {eqn:adLIFAnadB:newlinearization} \boldsymbol {A} \!=\! \begin {bmatrix}\alpha - 0.5\alpha \theta & -(1-\alpha )\\ a+0.5b &\beta \end {bmatrix}, \,\, \boldsymbol {B} \!=\! \begin {bmatrix} 1-\alpha & 1-\alpha \\ 0 & 0\end {bmatrix}.\end {align}


$b_{S}=2$


$b_{T}=1$


$89.5\,\%$


$66.1\,\%$


$b_{S}=1$


$b_{T}=2$


$\rho $


$\Delta _S$


$\Delta _T$


\begin {align}\frac {d}{d t} \boldsymbol {v}(t) & =\boldsymbol {A}_c \boldsymbol {v}(t)+\boldsymbol {B}_c \boldsymbol {f}(t) \label {eqn:lssm:cont-time_line1} \\ \boldsymbol {y}(t) & =\boldsymbol {C}c \boldsymbol {v}(t)+\boldsymbol {D}c \boldsymbol {f}(t) \label {eqn:lssm:cont-time_line2}\end {align}


$\boldsymbol {v}(t), \boldsymbol {f}(t), \boldsymbol {y}(t)$


$\boldsymbol {A}_c \in \mathbb {R}^{n \times n}$


$\boldsymbol {B}_c \in \mathbb {R}^{n \times r}, \boldsymbol {C}c \in \mathbb {R}^{p \times n}, \boldsymbol {D}c \in \mathbb {R}^{p \times r}$


$T_r$


$\boldsymbol {A}, \boldsymbol {B}, \boldsymbol {C}, \boldsymbol {D}$


$r$


$\boldsymbol {A}_r, \boldsymbol {B}_r, \boldsymbol {C}_r, \boldsymbol {D}_r$


$\boldsymbol {A}, \boldsymbol {B}, \boldsymbol {C}, \boldsymbol {D}$


\begin {align}\boldsymbol {A}_r &= e ^{\boldsymbol {A}_c T_{r}} \label {eqn:integralline1}\\ \boldsymbol {B}_r &= (\boldsymbol {A}_r - \boldsymbol {I}) \boldsymbol {A}_c^{-1} \boldsymbol {B}_c \label {eqn:integralline2} \\ \boldsymbol {C}_r &= \boldsymbol {C}c \\ \boldsymbol {D}_r &= \boldsymbol {D}c,\end {align}


$\boldsymbol {A}_c$


$t=kT_{r}$


\begin {align}\dfrac {d}{dt} \boldsymbol {v}(t) \approx \frac {1}{T_{r}} \left ( \boldsymbol {v}((k+1)T_{r}) - \boldsymbol {v}(kT_{r}) \right ).\end {align}


\begin {align}\boldsymbol {A}_r &= \boldsymbol {I} + T_{r} \cdot \boldsymbol {A}_c \label {eqn:eulerline1}\\ \boldsymbol {B}_r &= T \cdot \boldsymbol {B}_c \label {eqn:eulerline2} \\ \boldsymbol {C}_r &= \boldsymbol {C}_c \\ \boldsymbol {D}_r &= \boldsymbol {D}_c.\end {align}
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$T_{r2}$
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$\rho \in \mathbb {R}_{+}$


$\boldsymbol {C}_{r1} = \boldsymbol {C}_{r2}$


$\boldsymbol {D}_{r1} = \boldsymbol {D}_{r2}$


$r_1$


$r_2$


$T_{r2}$


$T_{r1}$


$(\boldsymbol {A}_{r1} - \boldsymbol {I})$


\begin {align}\! \boldsymbol {A}_{r2} &= \boldsymbol {A}_{r1} ^ \rho \\ \! \boldsymbol {B}_{r2} &= (\boldsymbol {A}_{r2} - \boldsymbol {I}) (\boldsymbol {A}_{r1} - \boldsymbol {I})^{-1} \boldsymbol {B}_{r1}\end {align}


\begin {align}\! \boldsymbol {A}_{r2} &= e ^{\boldsymbol {A}_c T_{r2}} = e ^{\boldsymbol {A}_c \rho T_{r1}} = (e ^{\boldsymbol {A}_c T_{r1}})^\rho = \boldsymbol {A}_{r1} ^ \rho \\ \! \boldsymbol {B}_{r2} &= (\boldsymbol {A}_{r2} - \boldsymbol {I}) \boldsymbol {A}_c^{-1} \boldsymbol {B} = (\boldsymbol {A}_{r2} - \boldsymbol {I}) (\boldsymbol {A}_{r1} - \boldsymbol {I})^{-1} \boldsymbol {B}_{r1}.\end {align}


$r_1$


$r_2$


$T_{r2}$


$T_{r1}$


\begin {align}\boldsymbol {A}_{r2} &= \boldsymbol {I} + \rho (\boldsymbol {A}_{r1} - \boldsymbol {I}) \\ \boldsymbol {B}_{r2} &= \rho \boldsymbol {B}_{r1}\end {align}


\begin {align}\boldsymbol {A}_{r2} & = \boldsymbol {I} + T_{r2} \boldsymbol {A}_c = \boldsymbol {I} + \rho T_{r1} \boldsymbol {A}_c \\ &= \boldsymbol {I} + \rho ((T_{r1} \boldsymbol {A}_c + \boldsymbol {I}) - \boldsymbol {I}) = \boldsymbol {I} + \rho ( \boldsymbol {A}_{r1} - \boldsymbol {I})\\ \boldsymbol {B}_{r2} &= T_{r2} \boldsymbol {B}_c = \rho T_{r1} \boldsymbol {B}_c = \rho (T_{r1} \boldsymbol {B}_c) = \rho \boldsymbol {B}_{r1}.\end {align}


$r_1$


$r_2$


$\boldsymbol {f}[n]$


$n \in {1,2,\ldots , N_{r1}}$


$\boldsymbol {\bar {f}}[m]$


$m \in {1,\ldots , N_{r2}}$


$\bar {\rho } N_{r_2}=N_{r_1},\bar {\rho } \in \mathbb {Z}_{+}$


$\mathbb {E}[\boldsymbol {\bar {f}}[m]] = \mathbb {E}\left [\boldsymbol {f}[(m+1)\bar {\rho }-k]\right ] = \mu _m$


$k=0,\ldots ,\bar {\rho }-1$


$m$


$\textbf {v}_{r1}[n+\bar {\rho }]$


$\textbf {v}_{r1}[n]$


$\bar {\rho }$


\begin {align}\textbf {v}_{r1}[n+\bar {\rho }] &= \boldsymbol {A}_{r1} \textbf {v}_{r1}[n+\bar {\rho }-1] + \boldsymbol {B}_{r1} \boldsymbol {f}[n+\bar {\rho }-1] \\ \! \textbf {v}_{r1}[n+\bar {\rho }] &= \boldsymbol {A}_{r1} (\boldsymbol {A}_{r1} \textbf {v}_{r1}[n+\bar {\rho }-2] + \boldsymbol {B}_{r1} \boldsymbol {f}[n+\bar {\rho }-2]) \notag \\ & \quad + \boldsymbol {B}_{r1} \boldsymbol {f}[n+\bar {\rho }-1] \notag \\ &\vdots \\ \textbf {v}_{r1}[n+\bar {\rho }] &= \boldsymbol {A}_{r1}^{\bar {\rho }} \textbf {v}_{r1}[n]+ \sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r1}^{j-1} \boldsymbol {B}_{r1} \boldsymbol {f}[n+\bar {\rho }-j] \label {eqn:sumbsteps}\end {align}


$\mathbb {E}[\boldsymbol {V}_{r2}[m+1]] = \mathbb {E}[ \boldsymbol {V}_{r1}[(m+1)\bar {\rho }]]$


\begin {align}& \quad \quad \mathbb {E} \left [\textbf {v}_{r2}[m+1]] = \mathbb {E}[ \textbf {v}_{r1}[(m+1)\bar {\rho }] \right ] \\ &\mathbb {E} \left [ \boldsymbol {A}_{r2} \textbf {v}_{r2}[m] + \boldsymbol {B}_{r2} \boldsymbol {f}bar[m] \right ] = \notag \\ & = \mathbb {E} \left [ \boldsymbol {A}_{r1}^{\bar {\rho }} \textbf {v}_{r1} \left [ m\bar {\rho } \right ] + \sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r1}^{j-1} \boldsymbol {B}_{r1} \boldsymbol {f} \left [(m+1)\bar {\rho }-j \right ] \right ] \\ &\boldsymbol {A}_{r2} \mathbb {E} \left [\textbf {v}_{r2}[m] \right ] + \boldsymbol {B}_{r2} \boldsymbol {\mu }_{\boldsymbol {m}} =\notag \\ & = \boldsymbol {A}_{r1}^{\bar {\rho }} \mathbb {E} \left [ \textbf {v}_{r1}[m\bar {\rho }] \right ] + \sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r1}^{\bar {\rho }-j} \boldsymbol {B}_{r1} \boldsymbol {\mu }_{\boldsymbol {m}}\end {align}


$\mathbb {E}[\boldsymbol {V}_{r2}[m]] = \mathbb {E}[ \boldsymbol {V}_{r1}[m\bar {\rho }]]$


$\mathbb {E}[\boldsymbol {V}_{r2}[m+1]] = \mathbb {E}[ \boldsymbol {V}_{r1}[(m+1)\bar {\rho }]]$


$m \in {1,\ldots , N_{r2}}$


$(\sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r2}^{\bar {\rho }-j})$


$\mathbb {E}[\boldsymbol {V}_{r2}[m]] = \mathbb {E}[ \boldsymbol {V}_{r1}[m\bar {\rho }]]$


$m$


$E\left [\boldsymbol {f}[(m+1)\bar {\rho }-k]\right ]=\boldsymbol {\mu }_{\boldsymbol {m}}$


$k=0,1,.,\bar {\rho }$


$\boldsymbol {\mu }_{\boldsymbol {m}} \in \mathbb {R}^{1 \times 1}$


$\mathbb {E}[\boldsymbol {V}_{r2}[m]] = \mathbb {E}[ \boldsymbol {V}_{r1}[m\bar {\rho }]]$


$\boldsymbol {f}[(m+1)\bar {\rho }-k]=c_b$


$k=0,1,.,\bar {\rho }$


$c_b \in \mathbb {R}^{1 \times 1}$


$\boldsymbol {V}_{r2}[m]= \boldsymbol {V}_{r1}[m\bar {\rho }]$


$\boldsymbol {A}_{r1} - \boldsymbol {I}$
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$(\sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}_{r2}^{\bar {\rho }-j})$
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$\boldsymbol {A}_{r2} - \boldsymbol {I}$


$\sum ^{\bar {\rho }}_{j=1}\boldsymbol {A}^{\bar {\rho }-j}=(\boldsymbol {A}^{\bar {\rho }}-\boldsymbol {I})(\boldsymbol {A}-\boldsymbol {I})^{-1}$


$(\boldsymbol {A}-\boldsymbol {I})$


$\bar {\rho } \in \mathbb {Z}_+$


$X_S=(x_1,x_2,\ldots ,x_{N_{S}})$


$\mu _S = \frac {1}{N_{S}} \sum _{i=1}^{N_{S}} \mathbb {E}[x_i]$


$\sigma _S^2 =\frac {1}{N_{S}} \sum _{i=1}^{N_{S}} \mathbb {E}[(x_i-\mathbb {E}[x_i])^2]$


$X_T=(x'_1,x'_2,\ldots ,x'_{N_{T}})$


$\mu _T$


$\sigma _T^2$


$\bar {\rho }=N_{T}/N_{S}$


$x_i$


$N_{S}=\bar {\rho } N_{T}$


$\bar {\rho } \in \mathbb {Z}_{+}$


$x_i$


$\mu _T = \mathbb {E}[x_i']=\mathbb {E}[ \sum ^{\bar {\rho }-1}_{j=0} x_{i+j}]=\bar {\rho } \mathbb {E}[x_i] = \bar {\rho }\mu _S$


$\sigma _T^2 = var(x_i') = var( \sum ^{\bar {\rho }-1}_{j=0} x_{i+j} ) = \bar {\rho }^2 var(x_i) = \bar {\rho }^2 \sigma _S^2$


$\bar {\rho } -1$


$\mu _T = \mathbb {E}[x'_i]=\mathbb {E}[x_i]= \mu _S$


$\sigma _T^2 = var(x'_i) = var(x_i) = \sigma _S^2$


$\bar {\rho }-1$


$\mu _T =E[x_i'] =\frac {x_1+\ldots +x_N}{\bar {\rho } N}=\frac {\mu _S}{\bar {\rho }}$


$var(x_i')= E[x_i'^2] -(E[x_i'])^2$


\begin {align}\sigma _T^2 &= \frac {1}{\bar {\rho } N_{S}}\sum ^{\bar {\rho } N_{S}}_{i=1} \mathbb {E}[ x_i'^2] - \frac {1}{\bar {\rho } N_{S}}\sum ^{\bar {\rho } N_{S}}_{i=1} (\mathbb {E}[x_i'])^2 \\ &= \frac {1}{\bar {\rho } N_{S}}\sum ^{\bar {\rho } N_{S}}_{i=1}\mathbb {E}[x_i'^2] - (\frac {\mu _S}{\bar {\rho }})^2 \\ &= \frac {1}{\bar {\rho }} \frac {1}{N_{S}}\sum ^{N_{S}}_{i=1} \mathbb {E}[(x_i)^2 ] - (\frac {\mu _S}{\bar {\rho }})^2 \\ &= \frac {1}{\bar {\rho }} \left [ \sigma _S^2 + \mu _S^2 \right ] - (\frac {\mu _S}{\bar {\rho }})^2 \\ &= \frac {1}{\bar {\rho }} \sigma _S^2 + \frac {\mu _S^2(\bar {\rho }-1)}{\bar {\rho }^2}\end {align}


$N_{S}=\bar {\rho } N_{T}$
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$\mu _T = \bar {\rho }\mu _S$
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$v_{2} \in \mathbb {R}^{N_{2}}$
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$N_{1}=\bar {\rho } N_{2}$
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$v_{1}$
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$v_{1}$
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$\hat {v}_{1}$


$\hat {v}_{1}[n]=v_{1}[\bar {\rho } n]$


$n=1,\ldots ,N_{2}$


\begin {align}Q_{1}(\hat {v}_{1}, v_{2})&= 1-\frac {\textrm {MSE}(\hat {v}_{1}, v_{2} )} {\textrm {Var}(\hat {v}_{1})} \\ Q_{2}(\hat {v}_{1}, v_{2})&= \frac {\textrm {Cov}(\hat {v}_{1}, v_{2})} {\sqrt {\textrm {Var}(\hat {v}_{1}) \textrm {Var}(v_{2})}}\end {align}


\begin {align}\textrm {MSE}(\hat {v}_{1}, v_{2}) &= \frac {1}{N_{2}} \sum ^{N_{2}}_{n=1} (\hat {v}_{1}[n] - v_{2}[n])^2\\ \textrm {Cov}(\hat {v}_{1}, v_{2}) & = \frac {1}{N_{2}-1} \sum ^{N_{2}}_{n=1} (\hat {v}_{1}[n] - \overline {\hat {v}_{1}}) (v_{2}[n] - \overline {v_{2}}).\end {align}
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Fig. 1. Overview of the set-up. We investigate how models trained on data with a given source temporal resolution can be adapted for data with a different target
temporal resolution, both in the Fine-to-Coarse and Coarse-to-Fine deployment directions.

in the temporal resolution of data have been the focus of a wide range
of studies, such as increasing of temporal resolution of videos (Zucker-
man et al., 2020), optimization of sensor networks’ sensing rates (Jain &
Chang, 2004), processing of irregularly sampled data (Rubanova et al.,
2019), optimal combination of high- and low-rate time-series data (Bae
et al., 2024). In the case of event-based cameras, effect of bandwidth
and event-rate constraints on the temporal resolution have been studied
(Gehrig & Scaramuzza, 2022; Zubic et al., 2024).

In this paper, we are interested in the scenario where the tempo-
ral resolution of the source data which the model has been trained on,
and the target data which the model is to be used on is different. We
investigate both the scenario of Fine-to-Coarse deployment, where the
change is from high to low resolution, and Coarse-to-Fine deployment,
where the change is from low to high resolution. We consider the set-
ting where it is not possible to fine-tune the model at the edge on the
data with the target temporal resolution, for instance when real-time
inference is needed on the current sample from target domain. Hence,
we consider temporal resolution domain adaptation with no re-training
on the target dataset, see Fig. 1.

Applications of these scenarios appear in different edge processing
scenarios, where small resource-constrained devices with different sens-
ing and computing capabilities must process their data at the edge of a
wireless system with varying degrees of support from a central process-
ing or coordination unit (Chen et al., 2021; Park et al., 2021). A possible
application of Coarse-to-Fine deployment is encountered in communi-
cation constrained distributed scenarios with a central learning unit. In
such scenarios, sensor data is sent to a central learning unit with reduced
temporal resolution due to bandwidth or power limitations (Chen et al.,
2021; Park et al., 2021). As a result, the central model is trained on
coarse data and then deployed to edge devices, where higher-resolution
data is available for inference. A possible application of Fine-to-Coarse
deployment is encountered where the sensors have to switch to low
sampling rates to reduce power consumption (Dieter et al., 2005; Jain
& Chang, 2004). This leads to having target data at edge with coarser
temporal resolution than the source data used for training the deployed
models at the central learning unit.

Applications of these scenarios appear in different edge processing
scenarios, where small resource-constrained devices with different sens-
ing and computing capabilities must process their data at the edge of a
wireless system with varying degrees of support from a central process-
ing or coordination unit (Chen et al., 2021; Park et al., 2021). A possible
application of Coarse-to-Fine deployment is encountered in communi-
cation constrained distributed scenarios with a central learning unit. In
such scenarios, sensor data is sent to a central learning unit with reduced
temporal resolution due to bandwidth or power limitations (Chen et al.,
2021; Park et al., 2021). As a result, the central model is trained on
coarse data and then deployed to edge devices, where higher-resolution
data is available for inference. A possible application of Fine-to-Coarse
deployment is encountered where the sensors have to switch to low
sampling rates to reduce power consumption (Dieter et al., 2005; Jain
& Chang, 2004). This leads to having target data at edge with coarser
temporal resolution than the source data used for training the deployed
models at the central learning unit.

We consider the above temporal domain adaptation problems under
Spiking Neural Networks (SNN) models. SNNs are biologically-inspired
neural networks with stateful recurrent neurons, and binary spike-based
communication (Maass, 1997). SNNs provide an attractive framework
for processing data with encoded temporal information due to their
ability to represent and learn spatiotemporal features (Bittar & Garner,
2022; Eshraghian et al., 2023; Ma et al., 2025; Miiller-Cleve et al., 2022;
Yik, 2025). Like most machine learning algorithms, the current main-
stream pipeline for SNNs relies on training at high-power computational
units, such as GPUs, and then deploying and running on low-power edge
devices (Abadade et al., 2023). SNNs, when deployed at neuromorphic
edge hardware, are especially valuable because they are designed to
mimic the brain’s energy-efficient processes, offering significant reduc-
tions in power consumption and latency (Caccavella et al., 2024; Davies
et al., 2021; Miiller-Cleve et al., 2022). SNNs are particularly effective
in event-based systems, where event-based sensors, e.g. event-cameras,
record changes only as they occur, rather than at fixed time intervals,
leading to optimized energy use and reduced data redundancy (Gallego
et al., 2022).

A common practical training set-up for SNNs is the standard digi-
tal clock-based SNNs, where the temporal resolution of the data cor-
responds directly to the processing resolution at which the model
operates. In this setup, the possible discrepancies in the temporal reso-
lution of the source and target data constitute a significant challenge
since trained SNN model parameters are strongly dependent on the
temporal resolution of the source data. Hence, an SNN model that
has been trained using data with a given temporal resolution may
not necessarily perform well in inference on data from another sen-
sory source even if it is recording of the same phenomena, e.g., see
Section 5.

Training on sequences with high temporal resolution is desired due
to the possible inclusion of more information and therefore better per-
formance of the model (Gehrig & Scaramuzza, 2024). However, this
comes with a cost. Difficulties arise when training SNNs on long se-
quences such as exploding and vanishing gradients and other instabil-
ities due to the recurrent and saturating nature of SNNs (Zucchet &
Orvieto, 2024). Another limitation while training on long sequences
is the significant training time as the temporal resolution dimension
approximately linearly increases the training time and computational
complexity (Perez-Nieves & Goodman, 2021). Hence, the development
of temporal adaptation methods enables training models in a fast and
stable manner on low temporal resolution data, while still ensuring
high performance during inference on high temporal resolution data.
This setting supports energy, time, and computation efficient training
pipeline.

Considering both the temporal domain adaptation problem as well
as challenges of training on sequences with fine temporal resolution, the
main contributions of this paper are:

e We propose three novel methods for adapting SNN parameters that
govern the neuron dynamics for changes in temporal resolution of
the data without using any data samples with new temporal resolu-
tion.
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Fig. 2. Feedforward SNN model architecture consisting of four layers, each with
arbitrary number of neurons. An example neuron dynamics given as a zoom-in
on a neuron.

e The performance of the proposed methods is demonstrated using the
audio datasets SHD (Cramer et al., 2022) and MSWC (Mazumder
et al., 2024) and the vision NMNIST dataset (Orchard et al., 2015).
The results show that in a wide range of scenarios, e.g. coarse-to-fine
scenarios for all the above datasets, our proposed methods provide
significant performance gains compared to using no temporal reso-
lution domain adaptation method or using the existing benchmark
method from the literature.
e We show that utilizing version of the data with low temporal reso-
lution for pre-training, constitutes a promising training approach for
improving computational training efficiency in SNN.

We now provide an overview of the organization of the paper. Sec-
tion 2 provides a review of the related work. The main problem studied
in this article, i.e., the temporal domain adaptation problem, is formu-
lated in Section 3. Section 4 presents the proposed methods. Numerical
results illustrating the performance of our methods are provided in Sec-
tions 5 and 6. Finally, in Sections 7 and 8 we present further discussions
and a summary of our conclusions, respectively.

2. Related work

The Leaky-Integrate-and-Fire (LIF) neuron model is one of the most
simple and widely used neuron models in the context of SNNs. When in-
put stimuli in the form of spikes are applied to the neuron, the membrane
potential increases and when a certain threshold is reached it produces
an output spike. On the other hand, in the absence of input stimuli,
the membrane potential decays exponentially (Bittar & Garner, 2022),
see Fig. 2. The vanilla LIF neuron has only one learnable parameter,
which is the membrane potential decay (the leak), and this parameter
has an explicit exponential dependence on the time step length of the
data. Hence, when dealing with a change of temporal resolution, intu-
itive way to adapt the LIF neuron dynamic is to scale the leak param-
eter according to the change. In He et al. (2020),Table 12 the authors
explore this method of temporal domain adaptation using the simple
LIF neuron. On the other hand, in Caccavella et al. (2024), the authors
use Integrate-and-Fire (IF) neuron which is a special simpler case of
LIF neuron without leak. Hence alternative to parameters adaptation,
they employ a graded spike network and different normalization tech-
niques for domain adaptation with promising results. However, in order
to capture more complex temporal information in data, more complex
neuron models such as the adaptive LIF (adLIF) neurons have shown
superior performance (Baronig et al., 2025; Bittar & Garner, 2022; Ma
et al., 2025; Yin et al., 2021). In the case of more complex neuron mod-
els however, the parameter might not have explicit dependence on the
time-length of the data, or even any dependence at all.

In this case, it is unclear how these parameters need to be scaled to
depict the change of temporal resolution, and to the best of our knowl-
edge, this issue has not been thoroughly addressed in the existing liter-
ature.

An important building block of our proposed approach is State Space
Models (SSMs), which is a general framework for modeling dynamic sys-
tems. Their neural network implementations, i.e. deep SSMs, raised as
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an attractive alternative to the conventional deep recurrent models. It
was shown that for appropriate conditioning on the state matrix dy-
namics, deep SSMs can handle long-range dependencies while offering
stable and computationally efficient training (Wang et al., 2024). Lim-
ited explorations of temporal resolution change have been performed
using SSMs and traditional data [Smith et al., 2022, Table 2]. Deep
SSMs have been used for event-based data in a number of works (Schone
et al., 2024; Zubic et al., 2024) Similar to the leak adaptation in LIF neu-
rons, explicit correlation can be addressed between significantly simpli-
fied version of SSM and the temporal dynamics between spikes. Schone
et al. (2024) explores this concept by processing incoming spikes with
adapted leak based on the time-length between consecutive spikes. Al-
ternatively, Zubic et al. (2024) explored varying-resolution aware train-
ing of deep SSMs for vision dataset, where the training includes masking
inputs outside specific frequency ranges and incorporating an additional
loss function to penalize high-frequency activities.

Interesting intersection of work is emerging between SNNs and deep
SSMs. One common line of work is embedding spiking dynamics in deep
SSMs where at each time step the output activity of the SSM is processed
by a firing threshold function (Bal & Sengupta, 2025; Karilanova et al.,
2025a,b; Vincent-Lamarre et al., 2020). Alternatively, in Du et al. (2024)
they combine SNN with SSMs by adding a spiking layer to the SSM.
Nevertheless, the challenge of drawing lines of correspondence between
SNNs and linear SSMs is still present due to the non-linearity when it
comes to SNNs. Our proposed methods for temporal domain adaptation
for SNNs are based on this drawn parallel and the theory developed
for adaptation in SSMs. See Table 1 for a summary of the prior works
discussed in this section.

3. Problem statement
In Section 3.1 we present a popular neuron model commonly used
in the SNN literature to establish a foundation for the generalized neu-

ron model in Section 3.2. We outline the temporal domain adaptation
problem that this article focuses on in Section 3.3.

3.1. Popular spiking neuron model

The discrete-time adaptive Leaky-Integrate and Fire (adLIF) neuron
is defined as (Bittar & Garner, 2022)

ult + 1] = a(ult] = 0s,,,[t]) + (1 — a)(Ws,,[1] + Vs, [1])

= (1 = a)ult] (1a)
ult + 1] = ault] + Pult] + bs,,,[1] (1b)
Soutlt] = go(ult]) (10)

where s;, € ZL»*! are the input spikes from the neurons in the previous
layer and W € R'Ls is the weight matrix associated with their connec-
tions to the neuron of observation, while s, € ZL<X! are the output
spikes of all the other neurons in the current layer and V € R™*fe with
zero diagonal is their connections to the neuron of observation. Here, L,
and L, are the number of neurons in the current and the previous layer,
respectively. Furthermore, g,(-) describes the spiking behavior with the
firing threshold 6 € R'™!; a = exp(A/7,,,,) represents the decay of the
membrane potential over time such that A corresponds to the duration
of a timestep and z,,,, is a membrane time constant; f§ = exp(A/z,,,)
represents the decay of the adaptive variable with adaptation constant
7,,n> the parameters a and b are without explicit dependence on the dis-
crete time step length A. All parameters «, §, a, b are generally learnable
during training within given ranges.

Note, the weight vector V corresponds to the recurrent connections
between the neurons in the same layer. Recurrence represented by V is
a characteristic of the network rather than the neuron.
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Table 1
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Overview of works which include aspects of zero-shot temporal adaptation in SNN or deep-SSM models.

Method Neuron model Adaptation

Datasets Metrics

This article Generalized spiking neu-
ron including adLIF, LIF,

IF, SSM

Expectation, Integral, and Euler Methods

SHD, MSWC, N-MNIST Classification accuracy in
varying temoral resolu-

tion

Comparing SNNs and
ANNs (He et al,
2020),Table 12

LIF, rate-coded RNN and
rate-coded LSTM

No-adaptation

N-MNIST Classification accuracy in
varying temporal resolu-

tion

Event-driven  inference IF
(Caccavella et al., 2024)

Layer normalization

class “faces” of N-CALTECH101 mAP on varying time-

window of integration

EventSSM (Schone et al., SSM
2024)

Event-by-event processing

SHD, SSC, DVS-Gesture Classification  accuracy
(both in train and test
stage event-by-event

processing used)

SSM for event cameras SSM
(Zubic et al., 2024)

Low-pass bandlimiting, and SSM-ViT block

Genl and 1 Mpx mAP on varying evalua-

tions frequency

3.2. General spiking neuron model

In this section, we introduce a discrete-time general n-dimensional
spiking neuron model, which generalizes the two-dimensional adLIF
neuron (1). This generalized model is central to the proposed methods
of this paper. It is defined as

Vit+1]= H i)+ H ;5,11 + HWs;,[1] + H.Vs,,l[f] (2a)
lifv[rl € ©

= Vi) = »

Soult] = 8o (V2] {0 otherwise -

where v € R"™¥! is the state variable, while H » € R™" and H rH,H, €
R"™! are matrices containing the parameters of the individual neuron.
The subscripts of the H matrices, i.e. v, f,i, and r, indicate state, feed-
back, input and recurrence, respectively. The spiking behavior is de-
scribed by gg(-), where the neuron spikes when the state enters in the
region described by ©. The region ® depends on the neuron model.

Many popular spiking neuron models can be expressed as special
cases of the general spiking neuron model in (2) including the LIF neu-
ron (Gerstner et al., 2014) with n = 1 state variable, the adLIF neuron
(Bittar & Garner, 2022) with n = 2, the Izikevich neuron (Izhikevich,
2003) with n = 2, the Hodgkin-Huxley (Hodgkin & Huxley, 1952) with
n = 4, multi-compartment neurons with 2 compartments each with n = 2
(Zhang et al., 2024). Below, we show how the n = 2 dimensional adLIF
neuron can be expressed as a special case of (2).

The adLIF neuron, in matrix form, can be written as:

ult+1]f e =1 —a)f|ulz] —ab
Ln+u]_L ] ]Lm]+[b]%ﬂﬂ

1- 1-
+[Oﬂw%m+ Oﬂvmmy 3
Thus, the adLIF neuron (1) with two state variables
v = [uNoArg,uNoArg| is a special case of the general model in
(2) where
e —(I-a) _|-a0 |-«
o=y = [ [ e
l1-a
H, = .
’ [ 0 ] (C))

Remark 1. The general spiking neuron model in (2) does not encom-
pass all possible neuron formulations. For instance, it does not capture:
(i) hard reset mechanism, where the neuron state is set to a predefined
reset state value when spiking occurs (Davies et al., 2018) rather then
subtracting the spike using H ; (ii) varying adaptive spiking threshold,
where the threshold varies over time (Chen et al., 2022), rather than
being defined by a fixed spiking region @.

3.3. Problem formulation - temporal resolution domain adaptation for
general spiking neuron model

3.3.1. Event-based data

In this section, we state the event-based data representation we focus
on in this article. Event-based data can be represented as asynchronous
or synchronous (Chakravarthi et al., 2024; Gallego et al., 2022). In the
asynchronous representation, data is provided as a list of events each
with their precise time of occurrence. In the synchronous representa-
tion, data is provided in a time-binned format as spike sequences of a
given length, each bin populated with all events occurring during this
period of time. The first type of representation is naturally adopted when
data comes from event-based sensors, such as NMNIST (Orchard et al.,
2015) and the second type of data representation is typically used af-
ter post-processing of data obtained by conventional sensors, such as
Spiking Heidelberg Digits (SHD) dataset (Cramer et al., 2022), or by
post-processing of data from event-based sensors.

The standard approach for processing event-based data with SNNs
is to use digital clock-based SNNs, which require the data to be in an
effectively synchronous form for processing. Hence, if the data is asyn-
chronous, it is converted into a synchronous form, such as by binning
events on regular time intervals. In this article, we focus on such syn-
chronous data representations where events that occur during a tem-
poral window of fixed length are accumulated to create sequences of
spikes (Gallego et al., 2022; Liu & Delbruck, 2018). This type of rep-
resentations have been used in a large number of earlier SNN works,
including studies utilizing temporal bins for audio signals (Bittar & Gar-
ner, 2022; Hammouamri et al., 2024) and frame-based event represen-
tation for spatio-temporal data (Caccavella et al., 2024; He et al., 2020;
Zubic et al., 2024).

3.3.2. Temporal resolution

In this section, we define the notion of temporal resolution used in
this article. Consider a continuous-time signal s(r),0 < < ¢, with a du-
ration 7, seconds, representing a phenomenon of interest, such as a spo-
ken keyword. We denote by s € ZN*! an integer-valued discrete-time
sequence extrapolated from s() where N is the number of time steps.
Hence, for a regular discretization of the time-axis, which we focus on
here, a single time step in s will represent a time durationof Ay =¢,/N
seconds.

Suppose that we have two discrete-time data sequences associated
with the same continuous signal, each with a different number of time
steps. Let us refer to them as sg € ZVs*! and s; € ZN¥! with Ng #
N7, and thus Ag # Ar. Hence, sg and sy correspond to sequences with
different time resolutions. The sequences sg and s; can be obtained
from s(7) in various ways. One is to obtain both sequences directly from
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s(1) using different encoding parameters. Another is to obtain s¢ directly
from s(1), while obtaining s, by transforming sg, or vice versa.

3.3.3. Model adaptation

We consider the scenario where the SNN model is pre-trained on
data with time resolution Ag but we would like to use this model on
data with temporal resolution Ay, where Ay # Ag. Consequently, we
refer to the training dataset as source data and the latter as target data.
Similarly, we refer to A g and A as the temporal resolution of the source
and target data, respectively.

During SNN training, two groups of parameters are
learned: parameters of the neuron dynamics for each neuron,
H, ), Hs), H;(s), H, ), and the weights of the synaptic connections
between the neurons, W, ¥. Our main goal in this article is to adjust
the model parameters such that we obtain high-accuracy results on
target data. We propose to achieve this goal by keeping the dynamics
of the state variable V' of neurons, see (2), as similar as possible under
the source and target data. This means that the dynamics of the state
variable V is preserved even when the temporal resolution of the data
changes.

We consider this problem under two constraints: First, we are only
allowed to adapt the neuron’s dynamic parameters, H, for k = v,i, f,r.
Hence, SNN architecture and synaptic connections are unchanged. Sec-
ond, the only known information about the target data is the ratio be-
tween the target and the source temporal resolution. Hence, we do not
rely on any post-deployment re-training on the target dataset, which can
be costly. Our results in Section 5 show that promising performance can
be obtained even under this constrained scenario, supporting the central
role of neuron dynamics in capturing time-dependent behavior.

In summary, the main goal of this article is to find a mapping from
the source to the target feature space in the form of

Hy ) Hi) H sy Her
= M(/), Hu,(S)5 H,"(S), Hf’(s)» Hr,(s)), 5)

where the mapping M(.) represents the adaptation of the temporal res-
olution domain, and the parameter p is given by

A N 1
=ZL=T=- 6)
Ag Nr p
defining the ratio between the temporal resolutions. Here, we have also
defined p, the reciprocal of p, for a more convenient notation in later

chapters. We consider the following scenarios:

P

¢ Coarse-to-Fine deployment: The model is pre-trained on source data
with coarse temporal resolution and tested on target data with fine
temporal resolution, i.e., Ag > Ay, thus p < 1.

e Fine-to-Coarse deployment: The model is pre-trained on source data
with fine temporal resolution and tested on target data with coarse
temporal resolution, i.e., Ag < Ay, thus p > 1.

4. Methods

As a background for our work, in Section 4.1, we begin by express-
ing the SNN neuron model as a non-linear SSM model. This provides
a foundation for Section 4.2, where we propose an approximate corre-
spondence between the SNN neuron model and linear SSM model. The
proposed temporal resolution domain adaptation methods, presented
in Section 4.3, are based on this approximate correspondence. In Sec-
tion 4.4 we present a simple benchmark method.

4.1. Preliminaries - correspondence between SNNs and non-linear SSMs

In this section, we express the SNN neuron model as a specific case
of non-linear SSMs.

A general discrete-time nonlinear SSM can be written as (Okuyama,
2014):

vt + 1] = F(l1], f1D (7a)
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yl1l = G@le], 11D (7b)

where v[f] € R™!, f[r] € R™, y[t] € R?*! represent the state vector, the
input to the system and the output of the system, respectively, and F(-)
and G(-) are possibly non-linear functions. Here, n is the dimension of
the system’s state, r is the dimension of the system’s input, and p is the
dimension of the system’s output. The general neuron model in (2) can
be expressed as a non-linear SSM as in (7) using

Fli], flt]) = H,vlt] + H ;go@lt]) + [H,, H,| fl1] (8a)
Glil, f11]) = go(wlt) (8b)

where f[1] = [Ws,;,[t], Vs [t]]T is considered external input since s, [t]
parameterize the spikes from the previous layer and s, [f] parameter-
ize the spikes from all the other neurons in the current layer. Here, y
represents the output spike of the neuron.

Since our ultimate goal is to find a correspondence between SNNs
and linear SSMs, we move one step closer to a linear SSM by considering
separable F(-) and G(-), i.e.,

vl + 11 = F,lr) + Fp(fI1D (9a)
yltl = Gl + Gp(f 1D (9b)

where 7, (), Fz(-), G (-) and G (-) are possibly non-linear functions. The
generalized neuron in (2) can be expressed as a non-linear SSM with
separable functions as in (9) using

F,@lt) = H vlt] + H ;g6 (v[t]) (10a)
Fp(flil) = [H;, H,| fl1] (10b)
Gclt]) = go@lrD) (10¢)
Cp(flth =0 (10d)

r
where f[1] = [Wsi,,[t],VsW,[t]] .
4.2. Preliminaries - correspondence between SNNs and linear SSMs

As linear SSMs enable analytical investigations and form the basis
of our adaptation methods, in this section, we propose an approximate
correspondence between the general SNN neuron model in (2) and linear
SSMs. Despite SNNs being strictly non-linear SSMs, this approximate
correspondence can be utilized to achieve promising results for temporal
domain adaptation, as demonstrated by the results in Section 5.

A linear SSM in discrete-time can be written as (Gajic, 2003):

ult + 1] = Ault] + Bf[1]
ylr] = Cult] + D f[r],

(11a)
(11b)

where the vectors v[t], f[¢], y[t] are respectively the state vector, input
vector and output vector. Here, the matrix A € R™" describes the in-
ternal behaviour of the system, while matrices B € R"™",C € R”™", D €
RPX" represent connections between the external world and the system.
These matrices represent arrays of real scalar numbers. The system is
assumed to be time invariant which means the scalar numbers are con-
stant over time.

To find an approximate correspondence between the general neuron
model in (2) and the linear SSM in (11), we first map the nonlinear
function in the separable non-linear SSM (9) to the matrices describing
linear relation in (11). The mapping is intuitive,

Av[t] = F,@lrD) (12a)
Bflt] = Fp(flrD) (12b)
Cvlt] - G (vltD) (12¢)
Dfl1] = Gp(fIt]) (12d)

where the symbol — indicates that the left-hand side linear term is
best described as part of the dynamics of the right-hand side possi-
bly nonlinear function. Next, we associate the general neuron matrices
H, H;H.H, in (2), to the linear matrices A, B,C, D in (11). Using
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Algorithm 1 Pseudo-code for the work-flow with the proposed adaptation methods.

(1) Train on source resolution

Input :Training dataset Dg with source resolution Ag.
Initialize model randomly SN Ng = (Hio()s), Hi(lo()s)7 HJ(CO()S),

for epoch =1,...,F do
L Update the SN Ng model parameters using Dg.

return SNNg = (Hv,(S)7Hi,(S)aHf,(S)aHr,(S)a Ws, V).

(2) Perform adaptation

7O

0 0
T,(S)’WS(’ )7 S(’))

Input :Trained SN Ng, p, i.e., the ratio 2—2, choice of adaptation method, i.e., Integral, Euler or Expectation.

Adapt neuron model parameters of SN Ng i.e. set

H, rH; ), Hyf iy, H, (1) = M(p, H, (5), H; (s), Hy (s), H, (5)) using (16) for Integral (17) for Euler, or (18)

for Expectation.

Create the model SNNT = (Hv,(T)a Hi,(T)a Hf,(T)7 H,,"(T), Ws, Vs)

return SN Nr.

(3) Use on data with target resolution
Input
Output : Performance of SN N7 on Dr i.e., SN N7 (Dr).

: SN Nr, testing dataset D with target resolution Ar.

the correspondences in (10) and (12), the following mapping arises as
a candidate: A = H, + H ;Gg and B = [H,, H,], where Gg € R"" rep-
resents a linearization of the non-linear spiking function gg(-). How-
ever, we propose to make a deviation from this mapping and interpret
the spike of the neuron itself as an external input to the neuron state.
This deviation avoids the linearization of the non-linear spiking func-
tion. Hence, we use A= H,, and B= [H;, H;, H|. To visualize this
correspondence, we rewrite the general spiking neuron in (2) as

Sout [t]
v[t+ 1] = H,vlil + [H;, H;, H,]| Ws,,[1]
USW,[IJ

(13a)

Souel?] = g (VI1]) (13b)

Hence, we propose the following approximate correspondence between
the general SNN neuron model and the linear SSM framework:

v[t+ 1] = Av[f] + Bf[1] a4

where veR™! A=H,eR™ B=[H; H, H,]eR™, and f[1]=
[sou,[t],Ws,."[t],Vsau,[t]]T € R™! such that f combines all input spikes
to the neuron, including the effect of its own output. Since only the A
and B matrices are needed for adapting the state variable dynamics,
which is our main interest here, we leave (10c) and (10d) as they are,
since these functions are associated with the output spikes y[¢] and are
not required for adaptation of state dynamics.

We now consider adLIF neuron as an example. For adLIF, using (4),
we obtain the following as A and B of (14):

a —-(1-a

A=H, = [a 5 ] (15a)
l—-a l-a

0 0 (15b)

—af
B=[H, H,H,= [ N

4.3. Proposed methods for temporal resolution domain adaptation

In this section, we define our proposed temporal resolution domain
adaptation methods for the generalized SNN neuron model in (2). As
explained in Section 3.3, the proposed methods suggest a mapping M(.)
from the source domain with temporal resolution Ag to the target do-
main with temporal resolution A, where p = i—;.

Note that all the methods presented below have been derived in de-
tail in the form of propositions in Section Appendix A.1. A step-by-
step pseudo-code outlining the usage of the methods is provided in
Algorithm 1.

Integral approximation adaptation method is derived from the
Integral approximation method for obtaining discrete-time SSM from a
continuous-time system model. Following Proposition 1 in Section Ap-
pendix A.1, the proposed mapping is

H,T=(H,s)"
Hy )= H,q)—D(H, ;) = I)lek,(S)
fork=s, f,r.

Euler adaptation method is derived from the Euler approximation

method for obtaining discrete-time SSM from a continuous-time system

model. Following Proposition 2 in Section Appendix A.1, the proposed
mapping is

(16a)
(16b)

H,p=1+pH,s—1I) (17a)

Hy )= pHy (17b)

fork=s, f,r.

Expectation adaptation method is based on the assumption the
expected values of the state variable vector between different time res-
olutions are the same. This adaptation method assumes that the ratio
of the time steps (A) of the lower and higher resolutions is an integer.
Specifically, if p > 1,p € Z, while if p < 1,1/p € Z_. Following Propo-
sition 3 in Section Appendix A.1 the proposed mapping is

H, )= (Hys)" (182)

o @ (Hus) D Hia pzl 18b

k(D) = 1/p 1/p—is_1 (18b)
CUHur) " Hyy p<1

fork=s, f,r.

Remark 2. In the Integral and Expectation adaptation methods,
(H,s) ? represents a matrix raised to a possibly fractional power which
can be computed using the Schur-Pade algorithm (Higham & Lin, 2011).
In general, fractional powers of a real-valued matrix may be complex-
valued. By restricting the parameters of the adLIF neuron (1) to the
ranges a, f,a € (0, 1), the possibly fractional power p = 1/ of the real
matrix H, g, used in our experiments remains real-valued (Higham &
Lin, 2011).
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4.4. A simple benchmark method: time-constant adaptation method

We now introduce a simple method that will serve as a benchmark
for our proposed methods. This benchmark method is motivated by the
explicit dependence of various neuron parameters on the sampling pe-
riod in the popular LIF neuron and adaptive LIF neuron models, and
has been utilized in the literature for the LIF neuron (He et al., 2020).
Assume that the elements of the matrices Hy ) for k = v, s, f,r belong
to one of three groups:

1. in the form of A, = exp~2s/* where 7 € R;
2. linear transformation of Ag,;
3. has no explicit dependency on Ag.

The time-constant adaptation methods obtain HiT for k = v,s, f,r, by
replacing elements of H g, belonging to the group i,ii,iii by:

P
L ey = ()
2. the same linear transformation of A7,
3. rest of the terms are unchanged

To illustrate the method, we now look at the popular adaptive LIF neu-
ron from Section 3.1. In the adaptive LIF neuron, all of the three types
of elements are present. Here, aq) = a("S> and f7) = ﬂ(”s) due to their
explicit exponential dependence on the step length T. The other pa-
rameters are either scaled accordingly due to the dependence with the
already scaled parameters, for example —(1 — «1), or kept the same (in

the case of the parameters « and b).

Remark 3. The proposed methods of Section 4.3 do not require the
parameters of the neuron model to explicitly depend on the time reso-
lution and hence they are applicable to a wide range of neuron models.
This is in contrast to the benchmark method of Section 4.4, where the
method is best suited to the neuron models where all neuron parameters
have explicit dependence on the time resolution.

4.5. Computational complexity

In this section, we discuss the computation complexity of the pro-
posed methods based on the number of multiply-accumulate (MAC) op-
erations needed.

4.5.1. Computational complexity of proposed adaptation methods mapping
In this section, we calculate the scaling of MAC operations for the

proposed adaptation methods in terms of the number of neurons, neuron

state dimensions, and target-to-source temporal resolution ratio p.

For the basic matrix operations, we use the following conventions: i)
multiplying a (n X n) matrix and a (n X 1) vector requires « n> MACs; ii)
inverting a (n X n) matrix requires « n> MAGs; iii) finding p > 1 integer
power of a (n X n) matrix, using repeated matrix power multiplication,
requires « (p — 1)n® « pn® MAGs; iv) finding p < 1 fractional power of
(n X n) matrix requires « (1/p)n> MACs (Higham & Lin, 2011), (Higham
& Al-Mohy, 2010, Section 4.2).

Using the general spiking neuron model in (2) and H, € R™" and
H; H;, H, €R™! we obtain the following scaling of MAC operations
per neuron for p > 1:

« Integral method in (16): p n® for H , (7, and n® for H, - fork =, f.r.
o Euler method in (17): n? for H,q) and n for Hy ) fork=s, f,r.
« Expectation method in (18): pn? for H,, ) and pn® for k = s, f r.

For p < 1, p is replaced with 1/p. We continue with the convention p > 1
in the below.

The above calculations are per neuron. For the whole network, these
numbers are multiplied by the number of neurons, i.e., Z,L= | hy, where i,
is the number of neurons in the hidden layer / and L is the total number
of hidden layers. Hence, assuming all hidden layers have h; neurons,
number of MAC operations scale with pn3h, for Integral method, n’h,
for Euler method and pn3h, for Expectation method.
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We note that only the ratio of the target and source sequence lengths,
i.e. p (in (6)), affect the computational cost. In other words, the length of
the source or target sequence does not directly impact the computational
complexity of our adaptation methods.

4.5.2. Computational complexity of inference

The adaptation of the model is performed once. After the adaptation,
inference proceeds normally. Our methods operate by replacing existing
neuron parameters with the adapted values, without introducing any
additional parameters. Thus, the total parameter count of the network
remains unchanged, and the number of operations per time step during
inference is identical to that of the original, non-adapted model.

We now provide an overview of the computational complexity cost
during inference, i.e., forward pass. The dominant MAC cost during in-
ference comes from the weight matrix multiplications which scales with
Z,L=1 h;_y h; for a feedforward network and Z{“:l hi_1h + h12 for a recur-
rent network. This is due to the fact that in a typical SNN, the state
dimension of neurons n, is much smaller than the number of neurons in
the layer h, i.e. h; > n, hence the typical computational cost due to the
update of dynamics is insignificant. Hence, the MAC per time step during
inference grows with hlz. For a sequence with T number of time steps,
the inference cost then becomes Thlz. Hence, the computational cost of
inference, under both the adapted and non-adapted models, scales with
Th?.

4.5.3. Comparison between cost of adaptation and re-training

In this article, we focus on a zero-shot setup where the target data is
unavailable and re-training cannot be performed. For comparison pur-
poses, here we discuss the computational cost of re-training, and com-
pare it with the cost of our adaptation methods.

The computational complexity of re-training depends on the com-
putational cost of backward pass. A common approximation is that the
computational backward pass requires about twice the cost of the for-
ward pass (Wiedemann et al., 2020) (Narayanan et al., 2021, Fig. 3).
Thus, for sequence of length T, since inference complexity scales with
3 Th/2 (see Section 4.5.2), training complexity scales with 3T hl2 includ-
ing both inference and backward pass. Moreover, since training is typ-
ically performed over multiple data samples, the scaling of cost of re-
training becomes 3BTh[2 per training step where B is the number of
samples.

We now compare the cost of adaptation, which scales with pr’h; at
worst, with the cost of re-training, which scales with 3BTh12 for a single
epoch. We note that in SNNs typically 4, > n, and B,T > 1 so that it is
typically the case that the scaling satisfies 3BTh,2 > pnh;. This repre-
sents a substantial difference in scaling of the complexity for SNNs with
large h;, highlighting the efficiency fo scaling of our proposed meth-
ods of adaptation over re-training. Moreover, in contrast to re-training,
the computational cost of our proposed adaptation methods are inde-
pendent of the sequence length. As a result, our approach scales much
better than full re-training when dealing with higher-resolution data or
long sequences.

To illustrate the possible difference in the scaling of computational
cost, we now provide typical values for n, h;,,T and B. For both SHD
and MSWC datasets, this article and the prior works (Bittar & Gar-
ner, 2022; Yik, 2025) use RadLIF neurons with » = 2 and hidden layers
with h; = 1024 neurons. In our setting, sequence length in its highest
resolutions for SHD dataset is T = 100, and for MSWC, it is T = 201.
Under these settings, for our zero-shot adaptation, we have pn’h; =
p X 23 x 1024, whereas the scaling of re-training per epoch per sequence
is Th[2 = 100 x 10242 for SHD dataset. Moreover, training a single epoch
over the full training dataset would multiply the cost of training by
B = 8332 for SHD, and B = 5 x 10* for MSWC dataset.

The developments in this section provide approximate propor-
tional scalings of the computational costs. Their reflection in practice
depends on variable ranges, hardware specifics and implementation
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details. In Section 5.6, we provide empirical comparisons based on ac-
tual wall-clock times.

5. Results

In Section 5.1, we define our experimental setup. Section 5.2 illus-
trates the performance of the proposed methods on a single neuron us-
ing a synthetic dataset. Section 5.3 presents the baseline performances
in various temporal resolutions with event-based datasets. Sections 5.4
and 5.5 present the performance of the proposed temporal domain adap-
tation methods on these datasets. This motivates us to illustrate in Sec-
tion 5.6 that the proposed methods can be used to support time-efficient
training.

The research questions targeted by these experiments are the follow-
ing:

e Can the proposed methods for zero-shot adaptation without re-
training achieve satisfactory accuracy levels on varying temporal res-
olution levels?

e How do the proposed methods perform relative to the benchmark
methods?

¢ Can we train efficiently at low temporal resolution and infer at high
resolution with minimal performance loss using the proposed meth-
ods?

5.1. Preliminaries

5.1.1. Datasets

We use the following event-based datasets:

The Spiking Heidelberg Digits (SHD) dataset (Cramer et al., 2022)
is an audio dataset consisting of non-signed spikes generated using the
mathematical artificial cochlea model called Lauscher. The dataset con-
sists of 20 classes of spoken digits from 0 to 9 in both German and English
language with total of 8156 train samples, 2264 test samples. Each sam-
ple consists of 700 input channels each with 100 time steps, where each
time step represents summed spikes over the time window of length
Ims. The benchmark for SHD dataset is 95.1 % test classification accu-
racy (Hammouamri et al., 2024) where SNN with learnable delays are
used. The closest setup to our work achieves 94.6 % accuracy (Bittar &
Garner, 2022), using the same SNN architecture and recurrent adaptive
LIF neuron. However, their best model was selected based on the test
dataset rather than a separate validation dataset, making the benchmark
overly optimistic.

The Multilingual Spoken Word Corpus (MSWC) dataset (Mazumder
et al., 2024) is a large and growing audio dataset. In this paper we use a
subset of samples and encoding as proposed in the NeuroBench initiative
(Yik, 2025). The subset consists of 100 classes, 20 classes per 5 languages.
We use 600 train, and 100 test samples per class. Each audio sample
is converted to signed spikes using the Speech2Spikes (S2S) (Stewart
et al., 2023) preprocessing algorithm resulting in 20 input channels and
201 time steps. The current baseline for this subset of MSWC is 93.48 %
classification accuracy (Yik, 2025).

The NMNIST dataset (Orchard et al., 2015) is a neuromorphic ver-
sion of the MNIST vision dataset. It consists of 10 classes representing
the digits 0 to 9 in an event-based manner. Samples are obtained by
recording the static MNIST images shown on a monitor using a mobile
event based image sensor (Orchard et al., 2015). The dataset consists
of 60000 train and 10000 test samples. We use the Tonic library (Lenz
et al., 2021) for converting each sample into (34 x 34 x 2, N) spike pat-
tern, where the first dimension represents spatial information such as
channel and height and widths of the frame, while the second dimension
is the number of time steps. We take N =~ 300 where the exact number
differs due to the Tonic denoise filter. The state of the art for NMNIST
dataset is 99.6 % accuracy using convolutional SNNs (Samadzadeh et al.,
2023).
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5.1.2. Overview of experimental procedure

We define the data in the above datasets as having the fine temporal
resolution, and refer them as the scenario of bin size 1, i.e. b=1. We
create data for coarser resolutions (b = 2,3, 4, 10) using the sum-binning
procedure described in Section 5.1.4. We have two sets of experiments:
Coarse-to-Fine and Fine-to-Coarse deployment. In the Coarse-to-Fine ex-
periments, the models are trained on a simulated coarse-resolution ver-
sion of the train dataset, and evaluated on the test dataset with the unal-
tered fine resolution. In the Fine-to-Coarse experiments, the models are
trained on the unaltered fine-resolution dataset, and evaluated on the
simulated coarser-resolution version of the test dataset.

All the values reported in this paper are average performance of 10
different initializations of the models.

5.1.3. Model architecture and training

For all experiments we use a SNN with adaptive LIF (adLIF) neuron
dynamics (Bittar & Garner, 2022) with 2 hidden layer of 1024 neurons. In
the results, this setup is referred to as adLIF for the model without recur-
rent connections and RadLIF for the model with recurrent connections.
Each model is trained for 50 iterations, and we report the test data accu-
racy at the final (50-th) iteration. Models are trained using BPTT with a
box surrogate gradient (Neftci et al., 2019) as implemented by Bittar &
Garner (2022). Models are trained on Nvidia A100 GPU with 64GB sys-
tem memory, 40GB VRAM and 16 CPU cores. See Section Appendix A.4
for further details on hyperparameters.

5.1.4. Data with coarse temporal resolution

Given a sequence, we obtain a coarser time resolution version of it us-
ing sum-binning with a non-overlapping moving window along its time
dimension. For example, given a sequence of length 4, say (x,y, z, w)
where x, y, z, w € Z, by applying non-binary sum binning with bin size
b =2, we obtain (x + y, z + w). Note that increasing the bin size smooths
over temporal features, leading to a loss of temporal detail and reduced
information in the data.

5.1.5. Batchnorm-scaling

One dimensional Batch Normalization layers (Ioffe & Szegedy, 2015)
are used before each spiking layer in the SNNs. These layers are adapted
due the change of temporal resolution between target and source data,
see Section Appendix A.2 for details.

5.1.6. Benchmark methods for temporal resolution domain adaptation

In both Fine-to-Coarse and Coarse-to-Fine experiments, two bench-
marks are used: (i) No-adaptation of the model; (ii) Time-constants
adaptation benchmark of Section 4.4.

5.2. Illustrative example: neuron dynamics under proposed methods

We now investigate the performance of our proposed temporal do-
main adaptation methods at a single neuron level. We use the adLIF
neuron as in (1). Specifically, as we have a single neuron without recur-
rent connections to other neurons, (1a) becomes

ult + 1] = a(ut] = 0s,,,[t]) + (1 — a)i[t] — (1 — a)ult], 19)

while (1b) and (1c) remain the same. As input to the neuron, we use an
excitation signal commonly used in signal processing and system iden-
tification for its ability to excite a wide range of system dynamics, i.e.,
we use the input

K
i)=Y Aysinlogt + /¢y (20)
k=1
which represents a linear combination of K sin waves, each with a dif-
ferent amplitude A, frequency wy, and phase shift 7z /¢,. The maximum
number of time steps is set to 7' = 100 i.e. t = 0, 1, ..., 100. We then also
create i,[f], a sum binned version of i[¢] with b = 2 and T = 50. The gen-
eral objective is to explore to which extent the dynamic behavior of the
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Table 2

Qualitative match of the voltage dynamics for various adaptation methods.
Each value is average of 1000 different combination of adLIF neuron and
input sequence. by and b, stand for source and target bin size.

(@) bg=1tob, =2

Model Adapt. 0, Q,

None 0.66 + 0.16 0.84 + 0.08
Integral 0.92 + 0.10 0.97 +0.04
Expectation 0.91 +£0.11 0.96 + 0.04
Euler 0.87 +0.11 0.95 + 0.03
Time-const. 0.77 £ 0.11 0.95 + 0.03

(b)bg=2t0 by =1

Model Adapt. 0, 0,

None 0.57 £ 0.25 0.84 + 0.08
Integral 0.97 + 0.05 0.99 + 0.01
Expectation 0.97 + 0.03 0.99 + 0.01
Euler 0.96 + 0.06 0.99 + 0.02
Time-const. 0.84 + 0.07 0.93 + 0.03

neuron can be preserved despite the changes in temporal resolution of
the input data.

In the Fine-to-Coarse scenario, i.e. source bin by =1 to target bin
by = 2, first the high resolution i[f] is given as input to the adLIF neuron
and uNoArg[1] is recorded. We refer to this as reference dynamics. We
then apply different model adaptations for the parameters of the adLIF
neuron and record uN oArg[t] when sending i,[f] as input to the neuron.
In the Coarse-to-Fine scenario, i.e. bg = 2 to by = 1, i,[7] constitutes the
reference dynamics, and the performance of different model adaptations
under the high resolution input i[7] is evaluated.

To quantitatively inspect the mismatch between the reference and
the adapted dynamics, we use the quality functions Q; and Q,, which
are associated with the normalized relative square error, and the cor-
relation coefficient, respectively. For both O, and Q,, having a value
close to 1 indicates a better reconstruction compared to a value close to
0. See Section Appendix A.3 for exact definitions.

The input i[f] is defined as in (20) with K =3, A, €[0.1,0.2],
w, €[1,10], and ¢, €[1,20], and adLIF neurons with a € [0.6,0.98],
p €10.6,0.98], a € [0.2,0.5], and b € [0.2,0.5]. We simulate 1000 random
pairs of input sequences and adLIF neurons from these intervals and
calculate the average O, and Q, over all instances. The resulting values
are presented in Table 2. Two illustrative cases with their corresponding
membrane potential uNoArg[t] are provided in Fig. 3. On average, the
results in Table 2 indicate a better overall match under the three pro-
posed adaptation methods (Integral, Expectation and Euler) compared
to both the Time-constant adaptation baseline and the No adaptation
case. Time-constant adaptation method performs relatively poor com-
pared to the proposed methods according to Q,, and relatively close to
the these methods according to Q,. Fig. 3 illustrate that although the
integral adaptation method may match the reference dynamics better
than no adaptation, noticeable deviations compared to the original sig-
nal may also occur.

5.3. Baseline performance for different temporal resolutions

In Table 3 we present the performance of SNN models trained and
tested on the same time resolution, i.e., the source and target bin sizes
are equal, bg = b;. We refer to these results as baseline performance
since they show the accuracy levels and computational time that would
be achieved if the models were trained with source data whose temporal
resolution is the same as in the target data.

Note that lowering the time resolution might result in drop in ac-
curacy due to potentially removing finer details in the time sequence
by eliminating or deforming important features needed for the clas-
sification task. However, higher time resolutions require more back-
propagation steps during training, which may negatively affect perfor-
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Fig. 3. Membrane potential dynamics of a single adLIF neuron over time for
different adaptation methods and time resolutions where bg (red circular) is the
reference dynamics.

mance due to the limitations of surrogate gradients in BPTT for SNN.
This phenomenon can also be seen in [He et al. (2020), Table VI, VII,
VIII]. Table 3 illustrates both of these possibilities: for the SHD dataset
(Table 3(a)), accuracy decreases monotonically with lower resolution,
while for the MSWC dataset (Table 3(b)), accuracy initially increases
slightly before declining.

Compared to the SHD and MSWC datasets, NMNIST shows a smaller
decline in accuracy as the bin size increases. This is consistent with the
static nature of the NMNIST data, in contrast to the dynamic audio data,
where temporal features play a key role in encoding information.

Although various anti-aliasing filters can be used to achieve lower
temporal resolution, sum-binning offers advantages in terms of simplic-
ity, real-time application, and preserving the event-based nature of the
data. As shown in Table 3, the accuracy remains largely unaffected for
bin sizes of 2 to 4, indicating minimal impact from aliasing noise or
the exclusion of high-frequency content. However, a significant perfor-
mance drop is observed with a bin size of 10, suggesting that important
temporal content is lost under 5 = 10.

5.4. Coarse-to-fine temporal resolution domain adaptation

In Table 4 we present the performance of the proposed adaptation
methods under Coarse-to-Fine deployment. In all cases and datasets
inspected, the proposed adaptation methods significantly outperform
no-adaptation scenario and the benchmark Time-constant adaptation
method. As discussed in Section Appendix A.1, Expectation and Inte-
gral adaptation methods provide identical scaling under certain com-
mon settings, hence their adaptation performance is almost identical.
In most cases, the accuracy provided by Euler adaptation method is
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Table 3

Baseline results for training SNN models using various bin sizes, where
the source and target bin sizes are equal bg = b;.. Two different neuron
models are used: adLIF and RadLIF. Each value is average over 10 trials.
The benchmark results from the literature presented in Section 5.1 are
obtained using the highest temporal resolution data i.e. b = 1.

(a) Results for SHD dataset.

adLIF RadLIF
Bin Steps A Train Accuracy Train Accuracy
(b) () (ms)  (min) (min)
1 100 1 6.3 915+06% 7.7 91.8 £ 0.7%
2 50 2 2.7 90.3+0.6% 3.6 91.0 £ 1.0%
3 33 3 1.8 89.8 + 0.8% 2.7 90.7 + 0.7 %
4 25 4 1.6 89.1+08% 23 88.9 +£0.9%
10 10 10 1.1 81.8+1.1% 1.7 79.2+1.5%
100 1 100 0.7 50.2 +1.8% 1.3 6.3 +28%
(b) Results for MSWC dataset.
1 201 5 106.2 924+ 0.3% 117.0  95.7 £+ 0.1%
2 100 10 36.9 93.5+0.2% 41.7 95.9+0.1%
3 67 15 21.8 941 +02% 247 95.7 £ 0.2%
4 50 20 15.1 93.8+0.2% 17.5 95.6 £ 0.2%
10 20 50 6.3 90.7 + 0.3% 7.3 92.8 + 0.4%
201 1 1000 2.3 1.0+0.1% 2.6 1.0+ 0.1%
(c) Results for NMNIST dataset.
1 300 1 433.1 98.6+01% 4879 985+0.1%
2 150 2 2233 98.7+0.1% 2454 985+0.1%
3 100 3 150.9 98.7+0.1% 178.1 98.5+0.1%
4 75 4 112.6 98.6 + 0.0% 143.4 98.5+0.1%
10 30 10 1044 98.7+0.1% 87.4 98.3+£0.1%
300 1 300 84.4 925+ 0.5% 849 11.3 + 0.0%

lower compared to Expectation and Euler, but still significantly higher
than no-adaptation and Time-constant benchmark methods. As shown
in Section Appendix A.1, the Euler method is based on the first-order ap-
proximation of the derivative, and a simpler approach compared to the
Expectation and Integral method. The lower accuracy of Euler method
compared to these two methods is consistent with higher information
loss due to its simpler approach.

For all model adaptation methods, in general, the performance de-
clines as the difference between the source and target temporal resolu-
tions increases. This is consistent with the growing mismatch between
the source and target feature space, which hinders the model’s ability to
capture essential patterns, either because these features are not present
or are inadequately represented in the source data.

We now compare the adLIF and RadLIF columns of Table 4 and the
corresponding baseline performance in Table 3. We observe that in the
majority of the cases, the temporal domain adaptation accuracy in the
recurrent SNNs, i.e. RadLIF columns, has a larger drop of performance
compared to the non-recurrent SNNs, i.e. adLIF columns. This difference
might be due to the fact that we have associated the recurrent connec-
tion in the neuron dynamics in the recurrent SNNs with a linear external
input in SSMs, see Section 4.2. When there is no recurrent connection in
SNN (adLIF) this association is not required, and hence the correspon-
dence between SNNs and linear SSMs provides a (still approximate but)
closer match.

We now compare the model adaptation performance under NMNIST
with other datasets. The accuracy drop, i.e. the gap between the accu-
racy in Table 4 and the baseline accuracy in Table 3, is typically smaller
for NMNIST than that for SHD and MSWC. For example, for the sce-
nario of bin size bg = 10 to bin size by = 1 with the best performing
adaptation method under adLIF, the accuracy drop is 21 %, 5.6 %, 0.9 %,
for SHD, MSWC and NMNIST, respectively. Possible reason for this be-
havior is again the static nature of the NMNIST data, where the time
dimension does not encode any inherent temporal information unlike
in the audio datasets where the time behavior is important for distin-
guishing between the different classes. However, including the NMNIST

10

Neural Networks 199 (2026) 108483

100 100 Train bin-size
A~ = T ® 1
—~ 801 —~ 801 m 2
— ~—
I I + 3
° Eel x 4
S 601 S 60 A 10
) 0 o 20 Adapt. method
© B ’ © B
5 5 . None
o b ® Expectation
< 504 < 504 ® Integral
® Euler
® Time-const
0+ 0+
0 50 100 0 50

Training time (min) Training time (min)

Fig. 4. Both plots show training + adaptation (wall-clock) time vs accuracy for
the MSWC dataset and adLIF neuron, where the left plot uses fixed 50 epochs
pre-training (results in Table 4(b)), while the right plot uses early stopping pre-
training. The gray dashed line represent the baseline performance of pre-training
the model on the target resolution. Note that lines for the Integral and Expecta-
tion adaptation methods are overlapping.

dataset in the evaluation has shown that our methods can be applied
and expected to perform in different mediums of data origin.

5.5. Fine-to-coarse temporal resolution domain adaptation

In Table 5, we present the Fine-to-Coarse deployment performance
of the proposed parameters adaptation methods. Comparing the results
with the baseline performance in Table 3, we observe that there is a rel-
atively large gap in performance for all scenarios with SHD and MSWC,
which suggests that the fine-to-coarse deployment with spiking neurons
is challenging. Now we compare our proposed method with the no-
adaptation baseline in Table 5. The proposed Integral and Expectation
methods consistently outperform the no-adaptation baseline or demon-
strate statistically equivalent performance considering the standard de-
viations. In contrast, the average performance of the Euler method is
generally inferior to that of the no-adaptation baseline, although in some
cases it remains within the standard deviation range of the baseline.
Now we compare our proposed method with the time-constant adapta-
tion method. Under adLIF, time-constant adaptation method provides
the best performance in several cases whereas under RadLIF the pro-
posed methods perform better than time-constant adaptation method
in all scenarios, indicating that the proposed methods can address the
challenge of scaling the recurrent external feedback in a better manner.

5.6. Time efficient training

We now investigate the trade-offs between accuracy and training
time for pre-training the model on various temporal resolutions, i.e.
varying bg, while evaluating its performance on b; = 1.

In the previous sections, the pre-trained models were obtained using
a fixed number of training iterations (50) over the training dataset. To
reveal the accuracy-complexity trade-offs better, here we introduce an
additional pre-training setup that uses a validation set. (If the dataset
does not have a pre-defined validation data, we extract a validation
set from the training data, matching the size of the test set.) We im-
plement early stopping training, where training continues until conver-
gence based on validation data loss. Specifically, training is allowed up
to 100 iterations, with early termination if the reduction in validation
loss is less than 107> for 10 consecutive iterations. The best-performing
model in the validation set is then saved, and its accuracy on the test
dataset is reported.

We focus on the MSWC dataset and adLIF neuron for illustration.
In Fig. 4, the accuracy on bin size by =1 is plotted against the total
training time, where the total training time is the sum of the training
time at source resolution b, (Step 1 of Algorithm 1) and the adaptation
time if it is applied (Step 2 of Algorithm 1).
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Table 4
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Performance under various domain adaptation methods on target data with fine temporal resolution (b, = 1), where the models were trained on
source data with coarser temporal resolution (bg = 2, 3,4, 10). Each value in the table is average of 10 trials.

(a) Results using SHD Dataset. Baseline accuracy (bg = b; = 1) from Table 3(a) is 91.4 % for adLIF and 91.6 % for RadLIF.

bg=2t0 by =1 bs=3toby =1

bg=4t0oby =1 bs=10to by =1

Model Adapt. adLIF RadLIF adLIF RadLIF adLIF RadLIF adLIF RadLIF
None 58.1+1.9% 31.8+4.6% 30.3+21% 5.3+0.4% 20.5+1.7% 6.1+1.5% 9.6 +1.6% 6.7 £2.1%
Expectation 89.5 + 0.6 % 87.7 +2.3% 87.4+0.4% 81.6 +1.9% 84.3 + 0.6% 72.8 +2.6 % 70.4+1.6% 45.4 +3.8%
Integral 89.5+06% 87.7+23% 87.4+04% 81.6+1.9% 84.3 +0.6 % 72.8+26% 70.4+17% 454+3.9%
Euler 84.6 £ 0.6% 76.8 £7.0% 77.8 +1.2% 57.5+5.7% 71.3 +2.1% 50.5+7.4% 49.7 £ 1.2% 45.3 +4.4%
Time-const. 53.0 +3.2% 7.5+29% 199+ 3.9% 56+1.5% 143 +41% 5.0+0.2% 5.0+ 0.0% 5.0+0.1%
(b) Results using MSWC Dataset. Baseline accuracy (bg = b = 1) from Table 3(b) is 92.4 % for adLIF and 95.7 % for RadLIF.
None 40.5+1.9% 22.2+2.2% 10.2 + 0.5% 3.4+0.6% 4.2+0.2% 1.7 +0.3% 1.6 +0.2% 1.3+0.2%
Expectation 93.6+03% 94.2+0.3% 94.0+02% 92.9+0.4% 93.8+0.1% 92.1+09% 86.8+1.0% 61.8+9.1%
Integral 93.6+03% 942+0.3% 94.0+0.2% 92.9+0.4% 93.8+0.1 % 92.1+09% 86.8+1.0% 61.8+9.2%
Euler 92.8 +0.2% 94.9+ 0.2% 92.6 + 0.3% 92.3+0.6% 91.7 £ 0.2% 87.7+1.0% 744+1.1% 23.9+3.8%
Time-const. 38.8 +2.8% 1.1 +0.2% 71+1.5% 1.0+ 0.1% 1.9+0.8% 1.1+0.2% 1.2+0.2% 1.0+ 0.1%
(c) Results using NMNIST Dataset. Baseline accuracy (bg = b, = 1) from Table 3(c) is 98.6 % for adLIF and 98.5 % for RadLIF.
None 95.4 +0.7% 97.2+0.4% 83.9+23% 93.3+2.5% 72.8 + 3.8% 86.3+6.2% 479 +£3.9% 18.5 +10.7%
Expectation 985+0.1% 98.5+0.1% 98.1 +0.2% 98.4+0.2% 94.9 £ 0.9% 98.3+02% 769+52% 96.0 +1.2%
Integral 985+0.1% 98.5+0.1% 98.1 +0.2% 98.4+0.2% 94.9 £ 0.9% 98.3+02% 76.9+52% 96.0 + 1.2 %
Euler 98.4 +0.1% 98.3 +0.1% 98.5+0.1% 98.2+0.2% 98.5+0.1 % 98.2+0.2% 97.7 £0.2% 94.6 +2.4%
Time-const. 97.2 £ 0.3% 73.8+155% 89.4+5.3% 23.6+17.8% 46.0+13.0% 134+51% 20.8 +6.3% 10.5+0.9%
Table 5

Performance under various domain adaptation methods on target data with coarser temporal resolution (b = 2,3,4, 10), where the models were
trained on source data with fine time resolution (bg = 1). Each value in the table is average of 10 trials.

(a) Results using SHD dataset.

bs=1toby =2 bs=1tob; =3

bg=1tob, =4 bs=1toby =10

Model Adapt. adLIF RadLIF adLIF RadLIF adLIF RadLIF adLIF RadLIF

None 56.9 + 1.6 % 45.4 £ 25% 26.7 +2.2% 21.5+1.4% 18.4 +1.9% 13.0+1.7% 10.7 £ 1.5% 82+2.0%
Expectation 751 +£22% 76.0 + 2.6 % 52.0 +2.8% 45.6 + 4.0 % 343 +25% 29.3+3.9% 144 +1.8% 9.0+1.1%
Integral 751 +£2.2% 76.0 + 2.6 % 52.0 £ 2.8% 45.6 + 4.0 % 343 +£25% 29.3 +3.9% 144 +1.8% 9.0+1.1%
Euler 55.5+4.7% 50.0 + 9.3% 7.1+1.0% 7.3+1.7% 5.8 +0.8% 5.7 + 0.8% 6.2+1.0% 47 £1.1%
Time-const. 80.1 +2.2% 54.4+11.2% 55.0 +4.3% 19.5+8.2% 38.4+37% 11.2+4.4% 17.3+2.5% 6.8+1.4%
(b) Results using MSWC dataset.

None 54.1+2.6% 32.0+3.3% 13.4+1.4% 25+0.5% 4.6 +0.4% 1.4+ 0.2% 1.4+0.2% 11+0.1%
Expectation 59.4+125% 427 +5.0% 259+87% 40+1.1% 131+33% 2.0+0.4% 27 +0.3% 1.1+0.2%
Integral 59.4+125% 427 +5.0% 259+87% 40+1.1% 131+33% 2.0+0.4% 2.7 +0.3% 1.1+0.2%
Euler 45.6 + 5.1% 49.2 +4.4% 6.9+22% 50+1.2% 25+0.8% 2.4+05% 1.4+ 0.3% 1.2+0.1%
Time-const. 55.5 +15.3% 6.8+1.3% 19.9 +9.2% 1.5+ 0.3% 7.9 +37% 1.2+ 0.2% 2.0 +0.5% 1.0+ 0.2%
(c) Results using NMNIST dataset.

None 96.4 + 0.7% 97.5 + 0.3% 92.7 +1.8% 96.3 + 0.6 % 88.3 +2.8% 948 +1.2% 60.1 + 5.8% 74.2 +6.3%
Expectation 98.3 +£0.2% 98.0 + 0.3 % 97.2+£0.5% 96.3 + 1.1 % 95.3+1.1% 94.3 £2.0% 83.7 £4.0% 89.9 +3.5%
Integral 98.3 £ 0.2 % 98.0 + 0.3 % 97.2+£0.5% 96.3 +1.1% 953 +1.1% 943 £2.0% 83.7 £4.0% 89.9 + 3.5%
Euler 88.9 +3.6% 75.6 +12.6% 88.6 +4.2% 75.3+11.3% 87.6 + 3.7% 78.8 +10.3% 73.5+7.3% 80.4 +9.3%
Time-const. 98.2+£0.2% 81.2+144% 97.9+02% 71.5+17.0% 97.7+03% 70.6+16.0% 96.5+07 % 77.3+86%

We observe that for both figures, i.e. the fixed epochs pre-training
and the early-stopping pre-training, the general characteristics of the
curves are the same. In particular, they show that significant gains can
be obtained by pre-training lower resolutions. For instance, consider the
results with the early stopping procedure. Instead of training a model on
data with bin size 1 until convergence, an alternative approach is to train
on bin size bg = 4 and apply the Integral adaptation method to achieve
a model with high-accuracy on data with bin size b, = 1. In particular,
we obtain an accuracy of 93.8 % instead of the baseline performance of
92.4 % while training 106/15 ~ 7 times faster.

We note that the adaptation procedure (Step 2 of Algorithm 1) takes
a small fraction of the total time. For example, for the setting in Fig. 4, it
takes a maximum of 0.012 minute to adapt the parameters of all neurons
in the network using any of our proposed methods, whereas training for
a single epoch with bin size 1 requires ~ 106/50 = 2.12 minutes. Hence,
consistent with the discussions in Section 4.5.3, adaptation is signifi-
cantly more efficient than re-training.
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These results suggest that training on low temporal resolution
datasets and adapting models using the proposed methods may signif-
icantly reduce training time with minimal to no impact on accuracy
when source and target resolutions are close, with no re-training on the
target dataset.

6. Ablation study

In Section 6.1 we investigate the effect of adapting the normalization
layer to the change of temporal resolution in the data. In Section 6.2 we
investigate different types of adaptation, where instead of adapting the
models as in our proposed methods, we adapt the input to the model. In
Section 6.3, we investigate the performance when the coarse resolution
sequences are obtained using different methods. We evaluate the impact
of spike sparsity on the performance of our methods in Section 6.4. We
discuss an alternative method for linearization of the neuron dynamics
in Section 6.5.
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Table 6

Comparison between the performance contribution of model adapta-
tion and normalization layer adaptation, for Coarse-to-Fine and Fine-to-
Coarse scenario with MSWC dataset.

Model  Stats used Norm. bg=1to b, =2 bg=2toby =1

Adapt.  for norm. Adapt. adLIF RadLIF adLIF RadLIF
Integral Source None 37.7+1.7 51.4+34 255%+25 202+7.1
Integral Source Adapt 75.4+23 75.8+28 89.5+0.6 87.6+24
Integral Target N/A 83.2+15 865+10 91.5+0.6 90.2+1.7
None Source None 29.2+25 30.0+27 21.2+24 82+3.1
None Source Adapt 57.1 +1.7 453 +25 582+17 31.6+46
None Target N/A 71.2+17 60.0+21 66.7+13 458 +24

6.1. Normalization layer adaptation

In the previous section, we utilize model adaptation of Section 4.3
and normalization layer adaptation, of Section Appendix A.2 together.
We now evaluate the effect of these components separately.

Table 6 provides the results for Coarse-to-Fine (bg =2 to by = 1) and
Fine-to-Coarse (bg =1 to by =2) deployment for SHD dataset. “Stats
used for normalization” indicates the data statistics used in the nor-
malization layers of the model. Recall that results presented previously
correspond to the row “Integral-Source-Adapt”. Note that the label “tar-
get” represents the case where statistics of the target dataset is used
for normalization. This represents a potentially impractical but useful
high-performance baseline since target data statistics provide the ideal
normalization for the target dataset but cannot be always calculated.

We now focus on the cases where target data is used for normaliza-
tion. We observe that when the Integral model adaptation method is
applied, a significant performance improvement compared to the case
of no model adaptation is obtained, e.g. an improvement from 66.7 %
to 91.5% under bg = 2 to by = 1 with adLIF. This indicates that accu-
rate normalization alone cannot fully address the feature shift between
source and target data.

Furthermore, examining the cases where the source data statistics
are used with no normalization adaptation, for example in the case of
bg = 1to by = 2 and RadLIF, we again observe a significant performance
improvement from 30.0 % to 51.4 % when the Integral model adaptation
method is applied compared to the no model adaptation. This indicates
that even in the case of no normalization the proposed model adaptation
method offer significant improvement.

These results suggest that, in practical applications where target
data statistics are inaccessible, the combination of our model adaptation
methods and proposed normalization adaptation should be preferred.
This combination is used in the previous sections, such as in Table 4
and Table 5.

6.2. Input adaptation

Our proposed adaptation methods adapt the model to account for
the change in the temporal resolution of the source and target data. In
this section, we look into the scenario where the model is kept fixed but
instead we transform the target data to mimic the temporal resolution of
the source data. In this approach, the length of the target data is adjusted
at deployment time to match the length of the source data.

The normalization layers adaptation for the input adaptation method
presented in this section are stated in Section Appendix A.2.4.

6.2.1. Coarse-to-fine input adaptation

In this case, the models has been trained on coarse resolution with
N time steps, but at deployment, we are given fine-resolution target
data with N time steps where N = 5 X Ng with § € Z. Hence we want
to downsample the target dataset by a factor of 5 so that it matches the
number of time steps in the source data and mimics the coarse resolu-
tion. Specifically, we consider the following input transformations:
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Table 7
Performance of input adaptation for Course-to-Fine experiments on
the SHD dataset.

bg=2to by =1

Input Adapt. adLIF RadLIF
Binary-sum-bin 36.6 +2.1% 40.6 £ 2.5%
Max-pool 83.2+1.0% 85.2+1.1%

Binary-sum-binning Input Adaptation Method: This method, similar
to the sum-binning in Section 5.1.4, sums every j consecutive ele-
ments using a moving window (non-overlapping) and applies indi-
cator function to the sum, hence for g = 2, the sequence (x, y, z, w)
becomes (I(x + y), I(z + w)) where I is the indicator function.
Max-pooling Input Adaptation Method: This method compares ev-
ery p consecutive elements using a non-overlapping moving win-
dow and replaces them with a single value representing the max-
imum of them. Hence, for j = 2, the sequence (x,y, z, w) becomes
(max(x, y), max(z, w)).

The results for these methods are presented in Table 7. Sum-binning
(as used during training) can also be viewed as one of the input adapta-
tion methods. Hence, input adaptation via sum-binning corresponds to
the case already covered in Table 3, where the source and target data
are identical. This provides a baseline performance when the method
for obtaining coarse resolution data may be matched during training
and test. Recall from Table 4(a) that for the case bg = 2 to by = 1 using
model adaptation yielded performance of 89.5 % for adLIF and 87.7 % for
RadLIF. Comparing these results with the ones in Table 7, we observe
that Integral and Expectation model adaptation methods outperform the
Binary-sum-bin and Max-pool input adaptation methods.

6.2.2. Fine-to-coarse input adaptation

In this case, the models have been train on fine resolution with Ng
time steps, but at deployment, we are given coarse-resolution target data
with N, time steps where Ng = p X Ny with p € Z. Hence we want to
upsample the target dataset by a factor of p so that it matches the number
of time steps in the source data and thus mimics the fine resolution.
Specifically, we consider the following input transformations:

e Pad-zeros Input Adaptation Method: This method prefixes each ele-
ment in the sequence with p — 1 zeros, hence for p = 2, the sequence
(x,y, z, w) becomes (0, x,0, y,0, z,0, w).

¢ Repeat-elements Input Adaptation Method: This method repeats
each element in the sequence p — 1 additional times, hence for p = 2,
the sequence (x, y, z, w) becomes (x, x, y, y, z, z, w, w).

The results of input adaptation for the Fine-to-Coarse setting are pre-
sented in Table 8. Recall from Table 5(a) that for the case bg =1 to
by = 2 using model adaptation yielded performance of 80.1 % for adLIF
and 76.0 % for RadLIF. Comparing input adaptation with model adap-
tation, Repeat-elem method for adLIF; and Pad-zero and Repeat-elem
methods for RadLIF surpass the performance achieved through model
adaptation. However, it is important to note that although input adap-
tation shows better performance than model adaptation, it comes with
the drawback of longer processing times since a longer time-sequence
has to be processed in order to obtain the classification result. For in-
stance, when going from bg = 1 to by =2, using the input-adaptation
method will double the inference time since the length of the sequence
in target domain after input adaptation is 2 x N compared to using the
proposed method where the length of the target sequence remains N.

6.2.3. Neuron dynamics within the network

To gain insights on the dynamics of the neurons under model and
input adaptation, we now consider a neuron inside one of the networks
used in this paper’s experiments. In particular, we consider a model
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Table 8
Performance of input adaptation methods
for Fine-to-Coarse experiments on the SHD

dataset.
bg=1tob, =2
Input Adapt. adLIF RadLIF
Pad-zeros 720+41% 889+09%
Repeat-elem 89.3+0.7% 89.9+0.4%

5 o0
threshold
-2 ® bS=1
v b_T=2, Integral model adaptation
+ b_T=2, No adaptation
-4 v 4+ b_T=2, Repeat-elem. input adaptation

40 60 80 100

(a) Neuron dynamics for a single neuron in the first hidden layer for one
input sample of the SHD data.

<

u(t)

~-= threshold
® bsS=1
v b_T=2, Integral model adaptation
b_T=2, No adaptation

+ 4+ b_T=2, Repeat-elem. input adaptation

40 60 80 100

(b) Neuron dynamics for a single neuron in the second hidden layer for
one input sample of the SHD data.

Fig. 5. Example of voltage dynamics over time in a pre-trained network on b =
1. Figure shows voltage dynamics of Fine-to-Coarse by = 1 to b = 2 experiment
for different adaptation methods and time resolutions.

trained on the SHD dataset with b, = 1, and examine how it behaves
when operating under by = 2. Specifically, we take a sample from the
SHD dataset and inspect the activity of one randomly selected neuron
from the first hidden layer and one from the second hidden layer in
Fig. 5.

Fig. 5 compares our Integral model adaptation, which processes
coarse-resolution input, with the Repeat-elements input adaptation,
which mimics fine-resolution data. As shown in Fig. 5(a), both the refer-
ence dynamics and the Repeat-elem method produce four output spikes,
while the Integral method produces only two. Similarly, in Fig. 5(b),
the reference and Repeat-elem generate three spikes, while the Integral
method again outputs two. These observations indicate that while both
methods capture the main peaks in the neuron variable uNoArg|t], the
Integral method is limited by the coarser temporal resolution, result-
ing in a lower number of spikes. In contrast, Repeat-elem operates on a
longer sequence, providing more flexibility to match the finer details of
the spiking pattern-reflected in the varying number of spikes across the
two scenarios.
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Table 9
Baseline performance by =2 to b; =2 on the SHD
dataset for various Coarse data transformation.

Coarse Transformation  adLIF RadLIF

Sum-bin 91.0+05% 91.0+0.7%
Average-sum-bin 90.6 +0.5%  90.8 +0.8%
First-point-sample 87.3+0.7% 87.8 £ 0.6 %
Last-point-sample 88.3+07% 89.0+0.9%
Max-pool 90.7 £ 0.7% 90.2 +0.5%
Binary-sum-bin 879+07% 89.1+03%

Table 10
Performance on the SHD dataset under coarse data obtained with varying
transformations.

(a) Fine-to-Coarse bg =1 to by = 2.

Integral No-adaptation
Coarse Transformation adLIF RadLIF adLIF RadLIF
Sum-bin 754+£23% 758+28% 571x+17% 453+25%
Average-sum-bin 754 +£23% 75.8+28% 57.1+1.7% 453 +25%
First-point-sample 69.6 +23% 720+29% 553+1.3% 46.1+21%
Last-point-sample 68.7 +3.0% 723+27% 555+1.2% 447 +23%
Max-pool 545+121% 57.2+95% 41.1+45% 346+4.0%
Binary-sum-bin 28.0+48% 259+23% 197+3.6% 17.2+24%
(b) Coarse-to-Fine bg =2 to by = 1.

Integral No-adaptation
Coarse Transformation adLIF RadLIF adLIF RadLIF
Sum-bin 89.6 +0.6% 89.2+0.7% 51.6+1.3% 328+27%
Average-sum-bin 89.3+06% 89.5+1.2% 51.0+1.4% 33.8+21%
First-point-sample 86.3+£06% 87.0+x1.2% 47.0+x1.0% 259+6.3%
Last-point-sample 879+1.0% 87.4+11% 453+13% 23.8+41%
Max-pool 737 +12% 68.4+64% 389+18% 17.2+45%
Binary-sum-bin 60.0+29% 53.0+22% 335+22% 243+24%

6.3. Transformations for obtaining coarse data

In the previous experiments, the sequences with coarse tempo-
ral resolution are obtained using sum-binning, see Section 5.1.4. In
this section, we explore five alternative transformations for obtain-
ing coarse temporal resolution sequences: Average-sum-bin, First-point-
sample, Last-point-sample, Max-pool and Binary-sum-bin. Average-sum-
bin is similar to sum-binning with an additional scaling of the coarse-
resolution sequence by p. Hence, Average-sum-bin is a scaled version
of sum-bin. The First-point-sample and Last-point-sample perform sim-
ple index sampling of the fine-resolution sequence by using the first or
last index in each bin, respectively. The Max-pool and Binary-sum-bin
are defined in Section 6.2.1. The normalization layers adaptation for all
these transformations is presented in Section Appendix A.2.4.

As a baseline, we report the performance of SNN models trained
and tested on the same time resolution, i.e., bg = by = 2, under differ-
ent coarse resolution methods in Table 9. The table shows an average
performance in the range of 87.3 % — 91.0 % under all transformations.

We present the performance under the various coarse transforma-
tions using Integral method and no adaptation for Fine-to-Coarse adap-
tation and Coarse-to-Fine adaptation in Table 10(a) and (b), respec-
tively. We observe that performance of adaptation depends on the
data representation in coarse resolution, where the adaptation performs
weaker under Max-pool and Binary-sum-bin compared to other transfor-
mations. Nevertheless, our proposed adaptation method performs signif-
icantly better than no-adaptation for all coarse transformations and for
both adLIF and RadLIF. These experiments illustrate that the proposed
methods may achieve higher performance compared to no-adaptation
across different coarse temporal resolution transformations.
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6.4. Spike sparsity

In this section, we evaluate the performance of the proposed adapta-
tion methods across different spiking rates. As discussed in Section 4.2,
aneuron in a SNN reduces to a linear SSM when there is no nonlinearity
in the neuron, where the spiking function of (2b) is the primary source
of nonlinearity. Hence, as neurons spike more frequently, the linear ap-
proximation is expected to become less accurate, which is expected to
degrade the performance of the proposed methods. We now explore this
phenomena.

We consider a single adLIF neuron with sinusoidal inputs, as intro-
duced in Section 5.2. Same as in Section 5.2, we initialize 100 distinct
adLIF neurons and generate 100 different sine inputs for each neuron,
averaging the results across all trials. Again, we evaluate the match in
dynamics for both Fine-to-Coarse for bg = 1 and b; = 2 and Coarse-to-
Fine for bg =2 and by = 1. To control the spiking activity, hence the
level of nonlinearity, we vary the spiking threshold: higher thresholds
reduce spiking activity, whereas lower thresholds increase it. This ef-
fect is illustrated in Figs. 6(a) and 7(a), where the spike rate denotes
the mean number of output spikes per neuron over the input sequence
length. In these figures, we report results for both randomly initialized
neurons with bg source temporal resolution input sequences, and for the
adapted neurons with b, target temporal resolution input sequences.

Based on Figs. 6(a) and 7(a), we now discuss how the spike rate
changes under model adaption. We observe that for both the Coarse-to-
Fine and Fine-to-Coarse cases, the no-adaptation baseline and all three
proposed methods yield to spike rates similar to the spike rate obtained
with inputs at the source resolution. In contrast, the Time-const. base-
line produces relatively different spike-rate values. However, as shown
earlier in Table 5(a), the Time-const. method can still outperform no-
adaptation. This indicates that the spike-rate is not necessarily a good
indicator of the performance of the adaptation methods.

Next, we discuss the match of neuron dynamics of the original and
adapted neurons at different spiking thresholds; and hence different
spiking levels. As in Section 5.2, we use the quality functions Q; and
Q,, where values close to 1 indicate better reconstruction. Results for
the Coarse-to-Fine case are shown in Fig. 6(b) and (c), and for the Fine-
to-Coarse case in Fig. 7(b) and (c). Across all methods, higher thresholds
generally lead to improved matches, while the no-adaptation baseline
shows either no significant change or no trend that is consistent in all
plots. The higher quality values for the proposed methods under higher
thresholds are consistent with the fact that under lower spike rates, the
neuron dynamics is closer to linear, leading to a better performance of
our proposed methods. This effect is most evident at the threshold of
102 where the spiking rate drops to zero, and both Q; ~ 1 and Q, ~ 1.

These experiments indicate that for the proposed adaptation meth-
ods, trained networks which have relatively lower spike rates may be
more suitable. Hence, the performance of the proposed methods may
be improved by preferring such networks while training on source data,
e.g., by varying the spiking threshold or introducing regularization for
spike rates.

6.5. Another linearization of neuron dynamics

In the proposed adaptation methods of this article, we interpret
the spike of the previous time step, i.e., s,,[7], as an external input
to the neuron state and use the correspondence A =[H,], and B =
[H; H,, H,], see Section 4.2. However, as pointed out in Section 4.2,
an alternative approach is to linearize the spiking function gg(-) and
use A= H,+ H ;Gg, and B = [H,, H,]. In this section, we explore this
approach.

Linearization of s,,[f] = gg(V[t]) of (2b) depends on the particu-
lar form of the function. We now focus on the adLIF neuron with
Sout[t] = go(ult]) where gy(-) is the Heaviside function with threshold 0,
and u[7] is the first component of the state vector V[¢], see (1) and (4).
To linearize gy(u[7]), one may use different approaches. Here, we adopt

14

Neural Networks 199 (2026) 108483

(a) Spike rate for both source and target resolution data
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Fig. 6. Coarse-to-Fine scenario for by =2 and by = 1. The solid line indicates
the mean, and the shaded region represents one standard deviation around the
mean.

Sou[t] = 0.5u[t]. Hence, we now have

2D

vit+ 11~ Hyolll + H 0.5, 0ol + [H,, H,] [st"[t]].

V's,ult]
Using (4) and (21), we obtain the following mapping instead of the map-

ping in (15)
—(1-a) |l-a l1-a
ol

Table 11 presents the performance under (22) and application of the
adaptation methods using Section Appendix A.1 for the SHD dataset.
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(a) Spike rate for both source and target resolution data
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(c) Q2 between source and target dynamics
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Fig. 7. Fine-to-Coarse scenario for by = 1 and b; = 2. The solid line indicates
the mean, and the shaded region represents one standard deviation around the
mean.

Firstly, we discuss the Coarse-to-Fine scenario (bg =2 to by = 1), and
compare with Table 4(a). We observe that there is a significant drop in
performance of all three adaptation approaches under the alternative
linearization in (22). For example, a drop from 89.5% to 66.1 % is ob-
served for the Integral method. However, even with this performance
drop, the Exponential and Integral method still outperform both the
no-adaptation scenario and Time-const method. Now we focus on the
Fine-to-Coarse scenario (bg =1 to by = 2), and compare the results of
Table 11 with the results of Table 5(a). We again observe a drop of per-
formance under the alternative linearization of (22). Here, in some cases
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Table 11
Performance of adaptation methods on the SHD dataset under alternative
linearization of neuron dynamics.

bg=2to by =1 bg=1t0by =2

Model Adapt. adLIF RadLIF adLIF RadLIF

Expectation 66.1+2.6% 41.4+9.4% 255+3.9% 21.7+22%
Integral 66.1+2.6% 41.4+94% 255+3.9% 21.7+22%
Euler 473+32% 171+85% 503+45% 441+6.1%

the performance of adaptation is even worse than that of no-adaptation
and Time-const. method. We note that performance depends on the ap-
proach utilized for linearization of the non-linear spiking function; and
other linearization approaches may improve the performance.

In conclusion, in the setting considered in this experiment, for both
Coarse-to-Fine and Fine-to-Coarse scenarios, it is preferable to use the
suggested correspondence in Section 4.2, i.e., treating the spike from
the previous time step as external input to the neuron state as in (15),
rather than the alternative linearization of (22).

7. Discussions

We now further discuss our results including the limitations of the
proposed approaches.

As noted in Section 3.2, a variety of neuron models can be expressed
within the generalized neuron model framework of Section (2), which
allows application of our proposed methods. However, in this paper, our
numerical results focus on the adLIF model, as it provides a good bal-
ance between the simplicity of the basic LIF model and the complexity
of more detailed biophysical models, while also being widely used in
the machine learning-oriented SNN literature, e.g. see Yik (2025). Nev-
ertheless, investigating the performance of the proposed methods under
other neuron models is a valuable direction for future research, as it will
clarify the scope of their applicability in scenarios where models other
than adLIF may be preferred.

As quantified in Sections 5.4 and 5.5, the greater the difference be-
tween the resolution of source and target, the less successful the pro-
posed adaptation methods are. This is consistent with the fact that the
mismatch between the characteristics of the source and target data in-
creases with increasing p.

The proposed model adaptation methods consistently outperform
the existing model parameter adaptation methods benchmarks in both
Coarse-to-Fine and Fine-to-Coarse settings. In the case of Fine-to-Coarse
settings, the input adaptation methods we propose can outperform the
model adaptation methods. This comes at the cost of longer inference
time that scales scales with the ratio of the resolutions and has to be
performed for each sample seen during inference.

Our adaptation methods operate under the assumption that data is
represented by events accumulated within fixed temporal windows, A
for source data and A for target data. In such approaches, each time
point in data sequence corresponds to a specific temporal interval used
in accumulation of events. However, there are event representation for-
mats where this relationship does not hold in a straightforward manner.
For example, voxel-grid (Chen et al., 2023; Xu et al., 2025) may include
weighted interpolation of a set of events in the time domain, and time-
surface (Lagorce et al., 2016; Sironi et al., 2018) may encode recency via
an exponential decay kernel at each pixel. In these cases, our methods
are not directly applicable. An interesting avenue for future research is
to investigate whether the use of intermediate fixed temporal-window
based representations in the data processing chain, together with our
adaptation methods, can yield satisfactory results for such cases.

An open question is the robustness of our adaptation methods to
hardware non-idealities such as limited-precision representation of neu-
ron parameters and synaptic weights, imperfect state updates, and gen-
eral device noise. Since adaptation rules are derived under ideal de-
vice assumptions, their sensitivity to such effects remains to be studied.
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Exploring these aspects and possible mitigation strategies constitute an
important future research direction to enable practical applications of
our framework.

8. Conclusions

We have established a bridge between SNNs and both linear and non-
linear SSMs. We have formulated the problem of temporal domain adap-
tation for SNNs under an SSM framework. We have proposed novel tem-
poral domain adaptation methods using insights from the SSM frame-
work. These methods do not require access to data with the target res-
olution. The proposed methods significantly outperformed the existing
primary approach in the current literature for temporal domain model
adaptation for SNNs for all scenarios where the model was trained on
data with coarse temporal resolution and used on data with fine tempo-
ral resolution.

The proposed methods can be applied to any SNN neuron model. This
addresses an important technical gap for time resolution adaptation in
SNNs. In particular, the existing method in the literature is best suited
to neuron models with explicit dependence on the temporal resolution,
which is satisfied only for simpler neuron models.

Our results show that the proposed methods can be used to enable
time-efficient training. In particular, high accuracy on data with fine
temporal resolution can be obtained by first training on coarse temporal
resolution data, hence with a lower training time, and then performing
model adaptation using the proposed methods.

Our findings illustrate that working with datasets with static origins,
e.g. NMNIST, provides limited insight into importance of time resolu-
tion, since such datasets do not have the temporal complexity inherent
in real-world dynamic data. Hence, considering audio datasets where
temporal dynamics play an important role, our work provides a signifi-
cant contribution to the literature on temporal resolution adaptation in
contrast to approaches that focus solely on data with static origin.

The starting point for our framework is to match the neuron voltage
dynamics on a single neuron level across different temporal resolutions.
Investigation of spike-oriented approaches that focus on matching the
spiking behavior on a layer level is considered a promising direction for
future work. Other interesting research directions include exploring the
performance of our proposed methods with other popular neuron mod-
els, developing specialized temporal model adaptation techniques for
other popular neuron model families, and evaluating the performance
on non-ideal hardware.
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Appendix A

A.1. Propositions for proposed temporal resolution domain adaptation
methods

We now present our temporal-resolution domain adaptation meth-
ods as propositions and their proofs. In this section, the methods are de-
veloped using the standard linear SSM notation for the sake of clarity. In
Section 4.3, we present them using the notation of the generalized SNN
neuron model in (2) based on the correspondence drawn in Section 4.2.

We now provide some preliminaries. A continuous-time linear SSM
can be represented as (Gajic, 2003):

%v(z) =A.v(t)+ B, .f(1) (A.1a)

y(t) = Cev(t) + Def () (A.1b)

where the vectors v(z), f (), y(t) denote the state vector, input vector and
output vector, respectively. Analogous to the discrete SSM defined in
(11), the matrix A, € R™" describes the internal behaviour of the sys-
tem, while matrices B, € R™",Cc € RP", Dc € RP represent connec-
tions between the input and the system, and the output.

We now define two methods from the literature used to approximate
the continuous SSM defined in (A.1) under a sampling period T, with
the discrete SSM defined in (11): the Integral Approximation method,
and the Euler method. The aim of both discretization methods is to find
A, B, C, D matrices in (11) such that the dynamics of the linear SSM and
the continuous SSM are closely aligned. For clarity in this appendix, we
denote these matrices with the subscript r, i.e. A,, B,,C,, D, instead of
A,B,C,D.

The Integral Approximation method for discretization is based on
the assumption that the system’s input is constant during the given sam-
pling period. Hence, a discrete-time linear SSM is obtained such that
(Gajic, 2003):

A, = el (A.22)
B, =(A, - DA;'B, (A.2b)
C,=Cc (A.20)
D, = Dc, (A.2d)

which is valid under the assumption that A, is invertible.

The Euler method for discretization is known as a less accurate but
simpler method compared to the integral approximation method (Gajic,
2003). Euler method is based on the approximation of the first derivative
at the time instant ¢t = k7, (Gajic, 2003):

d

1
SO~ = (v((k + DT,) — v(kT,)).

r

(A.3)

Applying this approximation of the derivative, a discrete-time linear
SSM is obtained such that (Gajic, 2003):

A, =T+T,-A, (A.4a)
B, =T-B, (A.4b)
C =cC, (A.40)
D,=D,. (A.4d)

Assumption 1. Consider two discrete-time linear SSM (11), with ma-
trix parameters A,,, B,,,C,,, D,;, and A,,, B,,,C,,, D,,, with associated
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time resolution T,; and T,,, respectively. Assume T}, = pT,; for p e R,.
Additionally we assume C,; = C,,, and D,; = D,,.

Proposition 1. Integral temporal adaptation method: Consider two
discrete-time linear SSM denoted with subscript r, and r, as defined in As-
sumption 1 obtained from the continuous-time linear SSM (A.1) using the
Integral Approximation method with sampling periods T,, and T,,, respec-
tively. Assume that (A, — I) is invertible, then:

A, =A (A.5a)
B,=(A,—-I)NA,,-D'B, (A.5b)
Proof. of Proposition 1: By (A.2a) and (A.2b) that

A, = AT = pAchTr — (eAL‘Tr] ¥ = Afl (A.6a)
B,=(A,-DA'B=(A, - I)A, - D7'B,,. (A.6b)

O

Proposition 2. Euler temporal adaptation method: Consider two
discrete-time linear SSM denoted with subscript r; and r, as defined inAs-
sumption 1 obtained from the continuous-time linear SSM (A.1) using the
Euler method with sampling periods T,, and T,,, respectively. Then:

A, =T+pA, -1 (A.72)

B, =pB, (A.7b)

Proof. of Proposition 2: It follows by (A.4a) and (A.4b) that

A, =T+4+THA. =1+ pT, A, (A.8)
=T+ p(TqA, +D—=D)=T+p(A, - 1) (A.9)

Br2 = TrZBt = pTrch = p(Trch) = PB,1~ (Alo)

O

Proposition 3. Expectation temporal adaptation method: Consider
two discrete-time linear SSM denoted with the subscripts r, and r, as de-
fined in Assumption 1 with the input sequences f[n] for n€ 1,2,...,N,,,
and fm] for_m €1,..., Ny, respectively. Here, N, =N, .p € Z,. As-
sume that E[f[m]] = E[f[(m+ 1)p — k]l = p,, for k =0, ..., 5 — 1 for all m.
Then, the following holds:

1. If
A, =AY (Al1a)
’3 = .
B,=Y A’7B,, (A.11b)
j=1
then E[v,,[m]] =E[v, [_mﬁ]]for all m.
2. Assume that (Z§=1 Afzf) is invertible. If
1
A, = A, (A.12a)
»
B, =) A%)7'B, (A.12b)

Jj=1

then E[v,,[m]] = E[V,,[mp]] for all m.

Proof. of Proposition 3 We first express v, [n + ] in terms of v, [n] by
performing j recursive steps:

Valn+pl=A v n+p—11+ B, fln+p—1] (A.13)
Vln+pl=A (A, VvV [n+p-2]+ B, fln+p—-2])
+ B, fln+p-1]
: (A.14)
K
Valn+ 5= A2 v, [n+ Y AT'B, fln+5- ] (A.15)

Jj=1
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We now consider the constraint on the expected dynamics of the state
variable i.e., E[V ,,[m + 1]] = E[V,;[(m + 1)p]]. Rewriting both sides of
the equation, we obtain

E[v,o[m + 111 = E[v, [(m + 1)7]| (A.16)
E[A,,V,,[m] + B,, fbar[m]| =
= E| A7, v, [mp] + Zﬁ:Ail‘lBrlf[(m + 15— j] (A17)
=
ApE[Violml] + Bopy =
= A’ E|v, [mp]] + i A”IB, uy, (A.18)
j=1

J

Hence, if (A.11) holds, then E[V ,,[m]] = E[V ,,[mp]] and E[V ,,[m +
111 = E[V,,[(m + 1)5]]. Due to the generality of the previous equations,
this holds for all m € 1,..., N,,. Similiarly, if (Zf=1 A’:z_ 7) is invertible
and (A.12) holds, we have E[V ,[m]] = E[V,,[mp]] for all m. This con-
cludes the proof of Proposition 3. O

Remark 4. In Section 4.3, we use (A.11) and (A.12), for adaptation in
Fine-to-Coarse and Coarse-to-Fine scenarios, respectively. These equa-
tions are presented separately in Proposition 3 for clarity.

Remark 5. We now compare Proposition 3, i.e. Expectation temporal
adaptation method, and Proposition 1, i.e. Integral temporal adaptation
method, in terms of their setting. Proposition 3 assumes constant ex-
pected value of the input over an interval i.e. E[f[(m + 1)j — k]] = p,, for
k =0,1,., 5 for some arbitrary u,, € R'!. Given this assumption, its goal
is to match the expected values of the state variable at the time points
of the coarse resolution, i.e. E[V ,,[m]] = E[V,,[mp]]. On the other hand,
the integral approximation method which lies under Proposition 1, as-
sumes that the input is constant over the interval i.e. f[(m+ 1)g — k] = ¢,
for k =0, 1, ., p for some arbitrary ¢, € R'*! (Gajic, 2003). Given this as-
sumption, Proposition 1 matches the values of the state variable at the
time points of the coarse resolution, i.e. ¥V ,,[m] =V, [mp]. Note that
matching the input and state variable implies matching the average be-
haviour of the input and the state variable. Hence, the assumptions and
the goals in the Integral temporal adaptation method imply the assump-
tions and the goals in the Expectation temporal adaptation method.

Remark 6. Despite the different starting points for Expectation method,
i.e., Proposition 3, and Integral method, i.e., Proposition 2, the two
methods are equivalent under the below assumptions:

Fine-to-Coarse deployment: Integral method makes the assumption
that A,; — I is invertible, while Expectation method does not make such
an assumption. However, if A,; — I is also assumed to be invertible un-
der Expectation method, then the two methods are equivalent.

Coarse-to-Fine deployment: Integral method makes the assump-
tion that A, — I is invertible, while Expectation method assumes
(Zf:] Af; 7) is invertible. The two methods become equivalent if in
the Expectation method, one also makes assumption that A,; — I and
A,, — I is invertible.

Note that these equivalences are due to the fact that Z;;l AP =

(A? — I(A — I)™! under invertible (A - I), j € Z,.
A.2. Temporal domain adaptation for the normalization layers

During training of the neural networks, normalization layers learn
the statistics, i.e. the mean and variance, of source data, which are then
typically used in inference without any change. On the other hand, in
our setup, the model is used on target data, which has a different time
resolution. Hence, the statistics learned during training should be ad-
justed. In this section, we investigate how this adjustment should be
made.

Denote a source sequence with Xg = (x;,x,,...,x Ns) and the as-

sociated mean with ug = NL Zf\_[ﬁ E[x;] and the variance with o‘i, =
S i=
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NLS ZZSI E[(x; — E[x;])?]. Similarly, denote a target sequence with X, =
’ /

(xl, Xy, e

a%, respectively. Denote the ratio of the temporal resolutions with

p = Nr/Ng. Assume that the elements of source sequence, i.e., x; are

iid.

,x’N ) and the associated mean and variance with u; and
T

A.2.1. Adaptation for sum binning transformation

Let the target sequence be the sum-binned version of the
source sequence i.e. Ng=pNy with p€Z,. Then, under iid. x;,
we have ur = E[x]] = E[ ;:é x;4;1 = pElx;] = pug, and G% = var(x)) =

-1 ~ _

U‘”(Z;:O Xpyj) = pPoar(x;) = p20'§~'
A.2.2. Adaptation for repeat elements transformation

Let the target sequence be obtained by repeating each element of the
source sequence p — 1 times. Then, pup = [E[x,’.J = E[x;] = ug, and 0'% =
var(x) = var(x;) = Ui.
A.2.3. Adaptation for zero padding transformation

Let the target sequence be obtained by adding 5 — 1 zeros before each

element of the source sequence. Then, ur = E[x]] = "14’/)% = “7_9, and
using the identity var(x!) = E[x/*] - (E[x])?
I ANs | PNg
2 ” 2
o = —— ) EIx"1- — ) (Elx;D (A.19)
T pNS par i pNS ; i
PNg
=L Y ey - By (A.20)
PN i=1 p
B H
= - — P Ex)’] - (2 (A.21)
P Ns ; ' p
1 H
= [} +u3] - (=) (A.22)
P p
2=
ue(@—1)
= 1_o§ R g (A.23)

72

A.2.4. Temporal domain adaptation in experiments

We now present how adaptation of batch normalization in performed
in the numerical experiments.

In the Coarse-to-Fine scenario, where the source data is the sum-
binned data and the target data is the fine resolution data, we have Ny =
pNp with p < 1. The adaptations are approximated using the transfor-
mations in Section A.2.1. Hence, we use u; = pug and O'% = /326%. In the
input adaptation of Section 6.2.1, based on numerical experiments, we
use pr = pug, o‘%. = ﬁa§ for the max-pooling input adaptation method
and py = pug, 0% = p?o% for the binary sum-binning input adaptation
method.

In the Fine-to-Coarse scenario, where the source data is the fine data
and the target data is the sum-binned resolution data, we have exactly
the scenario of Section A.2.1, and hence use u; = pug and o2 = p?02.
In the Fine-to-Coarse experiments, for the input adaptation methods of
Section 6.2.2, additional transformations are applied to the coarse target
data such as repeat elements or zero padding, with the aim of mim-
icking fine resolution during inference. When the transformation for
mimicking fine resolution is repeated elements, we use the scaling from
the repeated elements (Section A.2.2), in addition to the sum binning
(Section A.2.1). Hence, we obtain y; = pug and o2 = p°0%. When the
transformation for mimicking fine resolution is zero-padding, we have
repeated elements (Section A.2.3), in addition to the sum binning (Sec-
tion A.2.1). Hence, we obtain the theoretical scaling as u; = pug and
o2 = o2 + u%(p — 1). However, experiments showed poor performance
with this theoretical scaling of the variance. Hence, we use a% 2 in
our results in Section 5.

For the transformations introduced in Section 6.3, based on our nu-
merical experiments, we use the following parameter correspondences:
For binary-sum-bin and max-pool, we use u; = pug and (7% = ag. For

=0'S
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first-point-sample, last-point-sample, and average-sum-bin, we use yy =
ug and o‘% = ag,. These relations are employed in both Coarse-to-Fine
and Fine-to-Coarse scenarios.

Note that, in both Coarse-to-Fine and Fine-to-Coarse scenarios, we
only adapt the first normalization layer in the network. This initial ad-
justment is considered to correct the shift introduced by the data trans-
formation, reducing the need for additional scaling in subsequent layers.

A.3. Performance criteria for assessing matching neuron dynamics under
varying time resolution

Given time sequence v; € RM with N; number of time steps, and
signal v, € RV with N, number of time steps where we have either
N, = jN, or N, = pN, where p € Z[X!+. Our objective is to estimate the
goodness of match between these two sequences of different temporal
resolutions are describing assuming the v, is the true sequence. Since the
performance criteria functions that we will use require the two signals
we compare to be of same time length, we uniformly sample the higher
time resolution signal by taking every p-th sample. For demonstration
we focus on the case where v, is of higher time resolution i.e. N| = jN,,
hence we create the sampled signal 9, such that 9,[n] = v;[pn] for n =
1,..., N,. Then the performance criteria functions are defined as

MSE(D,,
0,0,y =1- %Ul’)’z) (A.24)
0,(by,vy) = __Sovi®ita) (A.25)
y/ Var(d,)Var(v,)
where
Ny
MSE(d),0) = <= (6001 = v [n)? (A.26)
2 p=1
NZ _
Cov(dy, ) = ——— (0111 = B)yln] = ). (A.27)
27 0 =1

Here 0, and T, are the mean of #; and v,, respectively, and Var is the
variance. Here, O, gives the relative square error and Q, gives the cor-
relation coefficient, hence both provide different measures of similarity
between 9, and v,. When there is significant matching between o; and
v,, MSE is expected to be small compared to variance, and both O, and
0, are expected to take values |Q,|,|0,| <1 where O, ~ 1 and Q, ~ 1
indicates better reconstruction compared to Q; ~ 0 and Q, ~ 0, respec-
tively. Specifically O, =1 corresponds to perfect match, while 0, =1
corresponds to perfect linear relationship between the two sequences.

A.4. Hyperparameters

For the adLIF parameters, a, §,a, and b are uniformly initialized in
the regions [exp(—%),—;—s)], [exp(—%),—ﬁ))], [0,1), and [0, 2], respec-
tively. The clipping ranges while training for a and b are the same as
their initialization ranges, while for both « and g the clipping range used
is [0,1). In the training process, we use Adam optimizer with weight-
decay= 0.0001 and Step Learning Rate scheduler of base learning rate
0.01, step-size 10 and y = 0.1.
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