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 a b s t r a c t

Reliable monitoring of high-voltage insulators is critical for maintaining the stability of electrical power systems, 
particularly under environmental contamination that can lead to flashover. Traditional inspection techniques 
struggle to anticipate degradation dynamics, while data-driven models often rely on fixed neural architectures 
that inadequately capture the complex temporal patterns in leakage current signals. This work proposes a Dif-
ferentiable Neural Architecture Search (DARTS) framework, based on zero-cost metrics, tailored for time series 
forecasting in insulator monitoring. The method based on DARTS integrates a mixed encoder-decoder design with 
learnable selection over long short-term memory, gated recurrent units, and transformer components, coupled 
with a cross-attention bridge featuring temporal bias and gating mechanisms. To ensure efficient architecture 
exploration, the search leverages metrics such as SynFlow and Jacobian covariance for early candidate screening, 
followed by a bilevel optimization stage with entropy and diversity regularization. Experiments on real-world 
leakage current data demonstrate that the discovered architectures outperform manually designed baselines, 
offering improved forecasting performance.

1.  Introduction

The reliability of electrical power systems fundamentally depends on 
the integrity of their insulating components, particularly high-voltage 
insulators that are continuously exposed to environmental contamina-
tion [1]. Insulators installed in outdoor environments are vulnerable to 
the accumulation of contaminants on their surface, including industrial 
waste, coastal salinity, and dust from unpaved roads, which progres-
sively increase surface conductivity and leakage current until flashover 
occurs [2].

Contaminated insulators constitute an anomaly that can compro-
mise the integrity of the grid insulation; while not directly a fault, 
they can lead to a disruptive fault when very high levels of leak-
age current occur [3]. The urgency of this research problem is un-
derscored by the growing frequency and impact of power outages as-
sociated with insulation degradation in transmission and distribution 
networks [4]. Insulator-related faults represent a non-negligible share 
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of line outages worldwide, particularly in coastal, industrial, and arid 
regions, where contamination severity is intensified by environmen-
tal [5] and climatic conditions [6]. Such outages often propagate be-
yond local failures, leading to widespread service interruptions, reduced 
power quality, and cascading operational challenges for grid operators
[7].

The economic consequences are substantial, encompassing direct 
costs related to emergency maintenance and component replacement, 
as well as indirect losses due to interrupted industrial production, ser-
vice downtime, and penalties associated with reliability indices. As 
electrical grids expand and operate closer to their stability limits [8], 
even short-duration outages caused by insulator flashovers can re-
sult in significant financial losses and reduced public confidence in 
power supply reliability [9]. Consequently, developing predictive meth-
ods capable of anticipating contamination-induced insulation break-
down is not only a technical challenge but also an urgent practical ne-
cessity for improving grid resilience, reducing operational costs, and 
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$\beta $


$\Lambda $


$\mathcal {A}$


$a \in \mathcal {A}$


$\mathcal {O}_a$


$\mathcal {C}_a$


$\mathcal {H}_a$


$a^* \in \mathcal {A}$


\begin {align}a^* = \arg \min _{a \in \mathcal {A}} \mathcal {L}_{\text {val}}(a; \mathcal {D}_{\text {val}}, \theta ^*_a) \label {eq:arch_objective}\end {align}


$\mathcal {D}_{\text {val}}$


$\theta ^*_a$


$\mathcal {D}_{\text {train}}$


\begin {align}\theta ^*_a = \arg \min _{\theta } \mathcal {L}_{\text {train}}(a; \mathcal {D}_{\text {train}}, \theta ) \label {eq:weight_optimization}\end {align}


$G = (V, E)$


$N$


$V = \{v_0, v_1, \ldots , v_{N-1}\}$


$E = \{(v_i, v_j) \mid 0 \leq i < j < N\}$


$v_j$


\begin {align}x^{(j)} = \text {Aggregate} \left ( \left \{ o^{(i,j)}(x^{(i)}) \cdot \sigma (\gamma _{i,j}) \mid i < j \right \} \right ), \label {eq:node_aggregation}\end {align}


$o^{(i,j)}$


$(i,j)$


$\gamma _{i,j}$


$\mathcal {O}$


$\{\mathcal {O}_g\}_{g=1}^G$


$(i,j)$


\begin {align}o^{(i,j)}(x) = \sum _{g=1}^{G} \pi ^{(i,j)}_g \sum _{k \in \mathcal {O}_g} \pi ^{(i,j)}_{g,k} \cdot \text {op}_{g,k}(x), \label {eq:hierarchical_op}\end {align}


$\pi ^{(i,j)}_g$


$\pi ^{(i,j)}_{g,k}$


$\tau $


\begin {align}\text {Aggregate}_{\text {mean}}(\mathcal {I}_j) = \frac {1}{|\mathcal {I}_j|} \sum _{z \in \mathcal {I}_j} z\end {align}


\begin {align}\text {Aggregate}_{\text {weighted}}(\mathcal {I}_j) = \sum _{i=1}^{|\mathcal {I}_j|} \beta ^{(j)}_i z_i, \quad \beta ^{(j)}_i = \text {softmax}(\delta ^{(j)}_i)\end {align}


\begin {align}\text {Aggregate}_{\text {attn}}(\mathcal {I}_j) = \sum _i a_i z_i, \quad a_i = \text {softmax} \left ( \frac {q^\top z_i}{\sqrt {d}} \right ), \quad q = \frac {1}{|\mathcal {I}_j|} \sum _{z \in \mathcal {I}_j} z\end {align}


$\rho _j$


\begin {align}x^{(j)}_{\text {res}} = \sigma (\rho _j) \cdot x^{(j)} + (1 - \sigma (\rho _j)) \cdot x^{(j-1}),\end {align}


$\sigma $


\begin {align}x^{(0)} = \text {GELU}(\text {RMSNorm}(W_{\text {in}} x_{\text {input}})),\end {align}


\begin {align}x_{\text {output}} = \sigma (\rho _0) \cdot x^{(N-1)} + (1 - \sigma (\rho _0)) \cdot x^{(0)},\end {align}


\begin {align}|\Theta _{\text {arch}}| = \sum _{(i,j) \in E} |\mathcal {O}_{\text {active}}^{(i,j)}|,\end {align}


$\mathcal {O}_{\text {active}}^{(i,j)}$


$x \in \mathbb {R}^{B \times L \times d}$


$y \in \mathbb {R}^{B \times H \times d}$


$\rho \in [0,1]$


$\alpha = \{\alpha ^{(\ell )}, \alpha _{\text {enc}}, \alpha _{\text {dec}}\}$


$\hat {y} \in \mathbb {R}^{B \times H \times d}$


$x_{\text {emb}} \gets \text {InputEmbedding}(x) + \text {PositionalEncoding}(L, d)$


$h^{(0)} \gets x_{\text {emb}}$


$\mathcal {F} \gets \emptyset $


$\ell = 1$


$N_{\text {cells}}$


$h^{(\ell )} \gets \DARTSCell (h^{(\ell -1)}, \alpha ^{(\ell )})$


$f^{(\ell )} \gets \text {CellProjection}_\ell (h^{(\ell )}) \cdot \text {Scale}_\ell (\alpha ^{(\ell )})$


$\mathcal {F} \gets \mathcal {F} \cup \{f^{(\ell )}\}$


$h^{(\ell )} \gets \text {LayerNorm}(h^{(\ell )} + \text {Residual}(h^{(\ell -1)}))$


$w_{\text {cell}} \gets \text {Softmax}(\alpha _{\text {cell}}/\tau )$


$f_{\text {combined}} \gets \sum _{\ell =1}^{N_{\text {cells}}} w_{\text {cell},\ell } \cdot f^{(\ell )}$


$g \gets \sigma (\text {GateFusion}([f_{\text {combined}}; x_{\text {emb}}]))$


$z \gets g \odot f_{\text {combined}} + (1-g) \odot x_{\text {emb}}$


$(h_{\text {enc}}, c_{\text {enc}}, s_{\text {enc}}) \gets \MixedEnc (z, \alpha _{\text {enc}})$


$\hat {Y} \gets []$


$h_{\text {dec}} \gets s_{\text {enc}}$


$u_0 \gets x[:, -1:, :]$


$t = 1$


$H$


$(o_t, h_{\text {dec}}) \gets \MixedDec (u_{t-1}, c_{\text {enc}}, h_{\text {dec}}, \alpha _{\text {dec}})$


$\tilde {o}_t \gets \AttentionBridge (o_t, h_{\text {enc}}, c_{\text {enc}})$


$r_t \gets \text {LayerNorm}(\tilde {o}_t + o_t)$


$p_t \gets \text {MLP}(r_t) + r_t$


$\hat {y}_t \gets \text {OutputProjection}(p_t)$


$\hat {Y} \gets \hat {Y} \cup \{\hat {y}_t\}$


$y \neq \text {None}$


$\text {Bernoulli}(\rho ) = 1$


$u_t \gets y[:, t-1:t, :]$


$u_t \gets \hat {y}_t$


$\text {Concat}(\hat {Y}, \text {dim}=1)$


\begin {align}\text {MemoryEfficientOp}(x) = \begin {cases} \text {lazy}\_\text {init}(x); \text {forward}(x) & \text {if not initialized} \\ \text {forward}(x) & \text {otherwise} \end {cases} \label {eq:lazy_init}\end {align}


$x \in \mathbb {R}^{B \times L \times d_{\text {in}}}$


$B$


$L$


$d_{\text {in}}$


$\mathcal {O}$


$\mathbb {R}^{B \times L \times d_{\text {in}}}$


$\mathbb {R}^{B \times L \times d_{\text {out}}}$


$d_{\text {out}}$


\begin {align}\text {Identity}(x) = \begin {cases} x & \text {if } d_{\text {in}} = d_{\text {out}} \\ W_{\text {proj}} x & \text {otherwise} \end {cases} \label {eq:identity_detailed}\end {align}


$W_{\text {proj}} \in \mathbb {R}^{d_{\text {out}} \times d_{\text {in}}}$


\begin {align}\text {TimeConv}(x) &= \text {RMSNorm}(\text {Pointwise}(\text {Depthwise}(x^T))^T + \text {Residual}(x)) \label {eq:timeconv_detailed} \\ \text {Depthwise}(x) &= \text {Conv1D}_{\text {groups}=d_{\text {in}}}(x, K=3, \text {padding}=2) \label {eq:depthwise_detailed} \\ \text {Pointwise}(x) &= \text {Conv1D}_{K=1}(x) \label {eq:pointwise_detailed}\end {align}


$K$


$\text {groups}=d_{\text {in}}$


\begin {align}\text {TCN}(x) &= \text {RMSNorm}(\text {Pointwise}(\text {Depthwise}_{\text {dil}}(x^T, d))^T\nonumber \\ &\quad + \text {Residual}(x)) \label {eq:tcn_detailed} \\ \text {Depthwise}_{\text {dil}}(x, d) &= \text {Conv1D}_{\text {groups}=d_{\text {in}}}(x, K=3, \text {dilation}=d) \label {eq:tcn_dilation}\end {align}


$d \in \{1, 2, 4\}$


\begin {align}\text {ResidualMLP}(x) &= \text {RMSNorm}(\text {MLP}(x) + \text {Residual}(x)) \label {eq:residual_mlp_detailed} \\ \text {MLP}(x) &= W_2 \cdot \text {GELU}(\text {Dropout}(W_1 x + b_1)) + b_2 \label {eq:mlp_detailed} \\ \text {Residual}(x) &= \begin {cases} x & \text {if } d_{\text {in}} = d_{\text {out}} \\ W_{\text {res}} x & \text {otherwise} \end {cases} \label {eq:residual_projection}\end {align}


$W_1 \in \mathbb {R}^{d_{\text {hidden}} \times d_{\text {in}}}$


$W_2 \in \mathbb {R}^{d_{\text {out}} \times d_{\text {hidden}}}$


$b_1 \in \mathbb {R}^{d_{\text {hidden}}}$


$b_2 \in \mathbb {R}^{d_{\text {out}}}$


$W_{\text {res}} \in \mathbb {R}^{d_{\text {out}} \times d_{\text {in}}}$


$d_{\text {hidden}} = 2.67 \times d_{\text {out}}$


\begin {align}\text {Fourier}(x) &= \text {OutputProj}(\text {FreqProj}(\mathcal {F}_{\text {weighted}}(x))) \label {eq:fourier_detailed} \\ \mathcal {F}_{\text {weighted}}(x) &= \sum _{k=1}^{K} w_k \cdot [\text {Real}(\text {rfft}(x)_k), \text {Imag}(\text {rfft}(x)_k)] \label {eq:weighted_fft_detailed} \\ w_k &= \text {softmax}(\beta _k), \quad k = 1, \ldots , K \label {eq:freq_weights} \\ \text {FreqProj}(f) &= \text {GELU}(W_f \cdot f + b_f) \label {eq:freq_projection}\end {align}


$K = \min (\lfloor L/2 \rfloor + 1, 32)$


$\text {rfft}(\cdot )$


$\beta _k \in \mathbb {R}^K$


$W_f \in \mathbb {R}^{d_{\text {freq}} \times 2K}$


$b_f \in \mathbb {R}^{d_{\text {freq}}}$


$\text {OutputProj}: \mathbb {R}^{d_{\text {freq}}} \to \mathbb {R}^{d_{\text {out}}}$


$w_k$


\begin {align}\text {Wavelet}(x) &= \text {RMSNorm}(\text {Fusion}([\text {WaveletScale}_d(x) \mid d \in \{1,2,4\}])) \label {eq:wavelet_detailed} \\ \text {WaveletScale}_d(x) &= \text {Dropout}(\text {GELU}(\text {BatchNorm}(\text {Pointwise}(\text {Depthwise}_d(x^T)))))^T \label {eq:wavelet_scale} \\ \text {Fusion}(f_1, f_2, f_3) &= \text {Conv1D}(\text {Concat}([f_1, f_2, f_3]), K=1) \label {eq:wavelet_fusion}\end {align}


$\text {WaveletScale}_d(x)$


$d$


$\text {Concat}(\cdot )$


$\text {Fusion}(\cdot )$


$1 \times 1$


$d=1$


$d=4$


\begin {align}\text {ConvMixer}(x) &= \text {RMSNorm}(\text {PointwiseMix}(\text {DepthwiseMix}(x)) \nonumber \\&\quad + \text {Residual}(x)) \label {eq:convmixer_detailed} \\ \text {DepthwiseMix}(x) &= \text {GELU}(\text {BatchNorm}(\text {Depthwise}(W_{\text {pre}}x^T, K=9)))^T \label {eq:convmixer_depthwise} \\ \text {PointwiseMix}(x) &= \text {Pointwise}(x^T + \text {Depthwise}(x^T, K=9))^T \label {eq:convmixer_pointwise}\end {align}


$W_{\text {pre}} \in \mathbb {R}^{d_{\text {mix}} \times d_{\text {in}}}$


$K=9$


$x^T + \text {Depthwise}(x^T, K=9)$


\begin {align}\text {GRN}(x) &= \text {RMSNorm}(\text {Gate}(h) \odot \text {Transform}(h) + \text {Residual}(x)) \label {eq:grn_detailed} \\ h &= \text {GELU}(W_1 x + b_1) \label {eq:grn_hidden} \\ \text {Gate}(h) &= \sigma (W_g h + b_g) \label {eq:grn_gate} \\ \text {Transform}(h) &= W_2~h + b_2 \label {eq:grn_transform}\end {align}


$h \in \mathbb {R}^{B \times L \times d_{\text {hidden}}}$


$W_1 \in \mathbb {R}^{d_{\text {hidden}} \times d_{\text {in}}}$


$W_g \in \mathbb {R}^{d_{\text {out}} \times d_{\text {hidden}}}$


$W_2 \in \mathbb {R}^{d_{\text {out}} \times d_{\text {hidden}}}$


$b_1, b_g, b_2$


$\sigma (\cdot )$


$\odot $


\begin {align}\text {MultiScaleConv}(x) &= \text {RMSNorm}(\text {AF}([\text {ScaleConv}_k(x) \mid k \in \{1,3,5,7\}]) \nonumber \\&\quad + \text {Residual}(x)) \label {eq:multiscale_detailed} \\ \text {ScaleConv}_k(x) &= \text {GELU}(\text {BatchNorm}(\text {Pointwise}(\text {Depthwise}(x^T, K=k))))^T \label {eq:scale_conv} \\ \text {AF}(f_1, f_2, f_3, f_4) &= \sum _{i=1}^{4} \alpha _i \cdot f_i \label {eq:attention_fusion} \\ \alpha _i &= \text {softmax}(\text {AttentionNet}(\text {Concat}([f_1, f_2, f_3, f_4])))_i \label {eq:attention_weights}\end {align}


$\text {ScaleConv}_k(x)$


$k$


$\text {AttentionNet}: \mathbb {R}^{4d_{\text {out}}} \to \mathbb {R}^4$


$\alpha _i$


$i$


\begin {align}\text {PyramidConv}(x) &= \text {RMSNorm}(\text {Upsample}(\text {Downsample}(x)) + \text {Residual}(x)) \label {eq:pyramid_detailed} \\ \text {Downsample}(x) &= \text {EncodeLevel}_L(\cdots (\text {EncodeLevel}_1(x))\cdots ) \label {eq:pyramid_down} \\ \text {Upsample}(x) &= \text {DecodeLevel}_1(\cdots (\text {DecodeLevel}_L(x))\cdots ) \label {eq:pyramid_up} \\ \text {EncodeLevel}_i(x) &= \text {Conv1D}(x, K=3, \text {stride}=2) \label {eq:encode_level} \\ \text {DecodeLevel}_i(x) &= \text {ConvTranspose1D}(x + \text {skip}_i, K=3, \text {stride}=2) \label {eq:decode_level}\end {align}


$L$


$\text {EncodeLevel}_i$


$2\times $


$\text {DecodeLevel}_i$


$2\times $


$\text {skip}_i$


\begin {align}\text {RMSNorm}(x) = \frac {x}{\sqrt {\frac {1}{d_{\text {out}}}\sum _{i=1}^{d_{\text {out}}} x_i^2 + \epsilon }} \odot \gamma \label {eq:rmsnorm}\end {align}


$\gamma \in \mathbb {R}^{d_{\text {out}}}$


$\epsilon = 10^{-8}$


$\mathcal {E} = \{\text {LSTM}_{\text {enc}}, \text {GRU}_{\text {enc}}, \text {Transformer}_{\text {enc}}\}$


$x \in \mathbb {R}^{B \times L \times d_{\text {in}}}$


$B$


$L$


$d_{\text {in}}$


\begin {align}h_{\text {enc}} = \sum _{i \in \{1,2,3\}} w_i^{\text {enc}} \cdot \mathcal {E}_i(x) \label {eq:mixed_encoder}\end {align}


$\mathcal {E}_1 = \text {LSTM}_{\text {enc}}$


$\mathcal {E}_2 = \text {GRU}_{\text {enc}}$


$\mathcal {E}_3 = \text {Transformer}_{\text {enc}}$


$h_{\text {enc}} \in \mathbb {R}^{B \times L \times d_{\text {latent}}}$


$d_{\text {latent}}$


\begin {align}w_i^{\text {enc}} = \frac {\exp ((\alpha _i^{\text {enc}} + g_i)/\tau )}{\sum _{j=1}^{3} \exp ((\alpha _j^{\text {enc}} + g_j)/\tau )} \label {eq:encoder_weights}\end {align}


$\alpha _i^{\text {enc}} \in \mathbb {R}$


$g_i \sim \text {Gumbel}(0,1)$


$\tau > 0$


\begin {align}f_t &= \sigma (W_f [h_{t-1}, x_t] + b_f) \label {eq:lstm_forget} \\ i_t &= \sigma (W_i [h_{t-1}, x_t] + b_i) \label {eq:lstm_input} \\ \tilde {c}_t &= \tanh (W_c [h_{t-1}, x_t] + b_c) \label {eq:lstm_candidate} \\ c_t &= f_t \odot c_{t-1} + i_t \odot \tilde {c}_t \label {eq:lstm_cell} \\ o_t &= \sigma (W_o [h_{t-1}, x_t] + b_o) \label {eq:lstm_output} \\ h_t &= o_t \odot \tanh (c_t) \label {eq:lstm_hidden}\end {align}


$f_t, i_t, o_t \in \mathbb {R}^{d_{\text {latent}}}$


$c_t \in \mathbb {R}^{d_{\text {latent}}}$


$W_f, W_i, W_c, W_o \in \mathbb {R}^{d_{\text {latent}} \times (d_{\text {latent}} + d_{\text {in}})}$


$b_f, b_i, b_c, b_o \in \mathbb {R}^{d_{\text {latent}}}$


$\sigma (\cdot )$


\begin {align}r_t &= \sigma (W_r [h_{t-1}, x_t] + b_r) \label {eq:gru_reset} \\ z_t &= \sigma (W_z [h_{t-1}, x_t] + b_z) \label {eq:gru_update} \\ \tilde {h}_t &= \tanh (W_h [r_t \odot h_{t-1}, x_t] + b_h) \label {eq:gru_candidate} \\ h_t &= (1 - z_t) \odot h_{t-1} + z_t \odot \tilde {h}_t \label {eq:gru_hidden}\end {align}


$r_t, z_t \in \mathbb {R}^{d_{\text {latent}}}$


$W_r, W_z, W_h$


$b_r, b_z, b_h$


\begin {align}\text {MultiHead}(Q, K, V) &= \text {Concat}(\text {head}_1, \ldots , \text {head}_H) W^O \label {eq:transformer_multihead} \\ \text {head}_i &= \text {Attention}(Q W_i^Q, K W_i^K, V W_i^V) \label {eq:transformer_head} \\ \text {Attention}(Q, K, V) &= \text {softmax}\left (\frac {Q K^T}{\sqrt {d_k}}\right ) V \label {eq:transformer_attention}\end {align}


$H$


$d_k = d_{\text {latent}}/H$


$W_i^Q, W_i^K, W_i^V \in \mathbb {R}^{d_{\text {latent}} \times d_k}$


$i$


$W^O \in \mathbb {R}^{d_{\text {latent}} \times d_{\text {latent}}}$


$y \in \mathbb {R}^{B \times L_{\text {out}} \times d_{\text {out}}}$


$L_{\text {out}}$


$d_{\text {out}}$


\begin {align}h_{\text {dec}} = \sum _{i \in \{1,2,3\}} w_i^{\text {dec}} \cdot \mathcal {D}_i(y, h_{\text {enc}}, s_{t-1}) \label {eq:mixed_decoder}\end {align}


$\mathcal {D} = \{\text {LSTM}_{\text {dec}}, \text {GRU}_{\text {dec}}, \text {Transformer}_{\text {dec}}\}$


$h_{\text {enc}}$


$s_{t-1}$


\begin {align}w_i^{\text {dec}} = \frac {\exp ((\alpha _i^{\text {dec}} + g_i)/\tau )}{\sum _{j=1}^{3} \exp ((\alpha _j^{\text {dec}} + g_j)/\tau )} \label {eq:decoder_weights}\end {align}


$\alpha _i^{\text {dec}} \in \mathbb {R}$


\begin {align}\text {Normalize}(h, \text {arch}\_\text {type}) = \begin {cases} W_{\text {rnn}} h + b_{\text {rnn}} & \text {if arch}\_\text {type} \in \{\text {LSTM}, \text {GRU}\} \\ W_{\text {trans}} h + b_{\text {trans}} & \text {if arch}\_\text {type} = \text {Transformer} \end {cases} \label {eq:arch_normalize}\end {align}


$W_{\text {rnn}}, W_{\text {trans}} \in \mathbb {R}^{d_{\text {latent}} \times d_{\text {latent}}}$


$b_{\text {rnn}}, b_{\text {trans}} \in \mathbb {R}^{d_{\text {latent}}}$


\begin {align}\text {StateNorm}(s) = \frac {s - \mu }{\sqrt {\sigma ^2 + \epsilon }} \odot \gamma + \beta \label {eq:state_norm}\end {align}


$\mu $


$\sigma ^2$


$s$


$\epsilon = 10^{-6}$


$\gamma , \beta \in \mathbb {R}^{d_{\text {latent}}}$


$\tau $


$e_w = 5$


$\tau _0 = 2.0$


$p = \frac {e - e_w}{E - e_w}$


$e$


$e_w$


$E$


\begin {align}\tau _e = \tau _{\min } + \frac {\tau _0 - \tau _{\min }}{2}\left (1 + \cos (\pi p)\right ) \label {eq:temp_cosine}\end {align}


\begin {align}\tau _e = \tau _0 \cdot \exp \left (\frac {\ln (\tau _{\min }/\tau _0)}{E - e_w} \cdot (e - e_w)\right ) \label {eq:temp_exponential}\end {align}


\begin {align}\tau _e = \tau _0 - (\tau _0 - \tau _{\min }) \cdot p \label {eq:temp_linear}\end {align}


\begin {align}\tau _e = \begin {cases} \tau _0 & \text {if } p < 0.3 \\ 0.5\tau _0 & \text {if } 0.3 \leq p < 0.7 \\ \tau _{\min } & \text {if } p \geq 0.7 \end {cases} \label {eq:temp_step}\end {align}


$\tau _{\min } = 0.1$


$\tau > 1$


$\tau < 1$


\begin {align}\text {Encoder}^* &= \arg \max _i w_i^{\text {enc}} \label {eq:final_encoder} \\ \text {Decoder}^* &= \arg \max _i w_i^{\text {dec}} \label {eq:final_decoder}\end {align}


\begin {align}\text {Attention}(Q, K, V) = \text {softmax}\left (\frac {Q K^T}{\sqrt {d_k}} + B_{\text {temporal}}\right ) V \label {eq:cross_attention}\end {align}


$Q \in \mathbb {R}^{B \times L_q \times d_k}$


$K, V \in \mathbb {R}^{B \times L_{\text {enc}} \times d_k}$


$B_{\text {temporal}} \in \mathbb {R}^{L_q \times L_{\text {enc}}}$


\begin {align}B_{\text {temporal}}[i, j] = \alpha _{\text {dist}} \cdot \exp \left (-\frac {|i - j|^2}{2\sigma _{\text {dist}}^2}\right ) + \beta _{\text {recency}} \cdot \mathbb {I}[j \leq i] \label {eq:temporal_bias}\end {align}


$\alpha _{\text {dist}}, \beta _{\text {recency}} \in \mathbb {R}$


$\sigma _{\text {dist}}$


$\mathbb {I}[\cdot ]$


$H$


$h \in \{1, \ldots , H\}$


$B_h \in \mathbb {R}^{L_q \times L_{\text {enc}}}$


\begin {align}\text {head}_h = \text {Attention}(Q W_h^Q, K W_h^K, V W_h^V, B_h) \label {eq:multi_head_temporal}\end {align}


\begin {align}w_i^{\text {attn}} = \frac {\exp ((\alpha _i^{\text {attn}} + g_i)/\tau )}{\sum _{j=0}^{L_{\text {max}}} \exp ((\alpha _j^{\text {attn}} + g_j)/\tau )} \label {eq:attention_selection}\end {align}


$L_{\text {max}}$


$\alpha _i^{\text {attn}} \in \mathbb {R}$


$i$


$w_0^{\text {attn}}$


\begin {align}\text {AttentionBridge}(Q, K, V) &= w_0^{\text {attn}} \cdot Q + \sum _{i=1}^{L_{\text {max}}} w_i^{\text {attn}}\nonumber \\&\quad \cdot \text {AttentionLayer}_i(Q, K, V) \label {eq:attention_bridge}\end {align}


\begin {align}Q_t &= W_Q^{\text {rnn}} h_{\text {dec},t} + b_Q^{\text {rnn}} \label {eq:rnn_queries} \\ K &= W_K^{\text {rnn}} H_{\text {enc}} + b_K^{\text {rnn}}, \quad V = W_V^{\text {rnn}} H_{\text {enc}} + b_V^{\text {rnn}} \label {eq:rnn_keys_values}\end {align}


$h_{\text {dec},t} \in \mathbb {R}^{B \times 1 \times d_{\text {latent}}}$


$t$


$H_{\text {enc}} \in \mathbb {R}^{B \times L \times d_{\text {latent}}}$


$W_Q^{\text {rnn}}, W_K^{\text {rnn}}, W_V^{\text {rnn}} \in \mathbb {R}^{d_k \times d_{\text {latent}}}$


\begin {align}Q &= W_Q^{\text {trans}} H_{\text {dec}} + b_Q^{\text {trans}} \label {eq:transformer_queries} \\ K &= W_K^{\text {trans}} H_{\text {enc}} + b_K^{\text {trans}}, \quad V = W_V^{\text {trans}} H_{\text {enc}} + b_V^{\text {trans}} \label {eq:transformer_keys_values}\end {align}


$H_{\text {dec}} \in \mathbb {R}^{B \times L_q \times d_{\text {latent}}}$


\begin {align}\text {Gate}(h_{\text {dec}}, h_{\text {attended}}) &= \sigma (W_g [h_{\text {dec}}; h_{\text {attended}} + b_g) \label {eq:attention_gate} \\ h_{\text {output}} &= g \odot h_{\text {attended}} + (1 - g) \odot h_{\text {dec}} \label {eq:gated_fusion}\end {align}


$g \in \mathbb {R}^{B \times L_q \times d_{\text {latent}}}$


$W_g \in \mathbb {R}^{d_{\text {latent}} \times 2d_{\text {latent}}}$


$b_g \in \mathbb {R}^{d_{\text {latent}}}$


$[h_{\text {dec}}; h_{\text {attended}}]$


\begin {align}\text {AttentionDropout}(\text {scores}) = \text {Dropout}\left (\text {softmax}\left (\frac {\text {scores}}{\sqrt {d_k}}\right ), p_{\text {attn}}\right ) \label {eq:attention_dropout}\end {align}


$p_{\text {attn}}$


\begin {align}\nabla _{\text {scaled}} = \min \left (1.0, \frac {C_{\text {clip}}}{\|\nabla \|_2}\right ) \cdot \nabla \label {eq:gradient_scaling}\end {align}


$C_{\text {clip}} = 1.0$


$\|\cdot \|_2$


\begin {align}\text {SynFlow}(\mathcal {N}_{\theta }) = \sum _{l=1}^{L} \sum _{i,j} \left | \theta _{i,j}^{l} \cdot \frac {\partial \mathcal {L}_{\text {syn}}}{\partial \theta _{i,j}^{l}} \right | \label {eq:synflow_detailed}\end {align}


$\mathcal {L}_{\text {syn}} = \sum _{k} z_k$


$\theta _{i,j}^{l} \cdot \frac {\partial \mathcal {L}_{\text {syn}}}{\partial \theta _{i,j}^{l}}$


\begin {align}\text {GraSP}(\mathcal {N}_{\theta }) = \sum _{i,j} \theta _{i,j} \cdot \mathcal {H}_{i,j} \label {eq:grasp_detailed}\end {align}


$\mathcal {H}_{i,j} = \frac {\partial ^2 \mathcal {L}}{\partial \theta _{i,j} \partial \mathcal {L}} \approx \frac {\partial }{\partial \theta _{i,j}} \left \| \nabla _{\theta } \mathcal {L} \right \|$


\begin {align}\text {NASWOT}(\mathcal {N}_{\theta }) = \sum _{l=1}^{L} \text {rank}(\mathbf {K}^l) + \lambda (\mathbf {K}^l)_{\max } \label {eq:naswot_detailed}\end {align}


$\mathbf {K}^l = \text {sign}(\mathbf {A}^l) \cdot \text {sign}(\mathbf {A}^l)^T$


$\mathbf {A}^l \in \mathbb {R}^{B \times H^l}$


$l$


$B$


$H^l$


$\mathbf {K}^l$


$\lambda (\mathbf {K}^l)_{\max }$


\begin {align}\text {JacobCov}(\mathcal {N}_{\theta }) = \frac {1}{n} \sum _{i=1}^{n} H\left (\lambda \left (\mathbf {J}_i \mathbf {J}_i^T\right )\right ) \label {eq:jacobcov_detailed}\end {align}


$\mathbf {J}_{i,j,k} = \frac {\partial \mathcal {N}_{\theta }(\mathbf {X})_{i,j}}{\partial \mathbf {X}_{i,k}}$


$i$


$j$


$k$


$H(\lambda (\cdot ))$


$\lambda $


$\mathbf {J}_i \mathbf {J}_i^T$


\begin {align}\text {JacobCov}(\mathcal {N}_{\theta }) \approx \log \left (\mathbb {E}_v\left [\left \|\nabla _{\mathbf {x}} \left (\mathbf {f}^T \mathbf {v}\right )\right \|^2\right ] + \epsilon \right ) \label {eq:jacobcov_hutchinson}\end {align}


$\mathbf {v}$


\begin {align}\text {Zen-NAS}(\mathcal {N}_{\theta }) = \frac {1}{|\mathcal {R}|} \sum _{r \in \mathcal {R}} \frac {\mu _r^2}{\sigma _r^2 + \epsilon } \label {eq:zennas_detailed}\end {align}


$\mathcal {R}$


$\mu _r$


$\sigma _r$


$r$


$\epsilon $


\begin {align}\text {Fisher}(\mathcal {N}_{\theta }) = \sum _{i,j} \mathbf {F}_{i,j} \label {eq:fisher_detailed}\end {align}


$\mathbf {F} = \mathbb {E}_{\mathbf {x},\mathbf {y}} \left [ \nabla _{\theta } \log p(\mathbf {y}|\mathbf {x},\theta ) \nabla _{\theta } \log p(\mathbf {y}|\mathbf {x},\theta )^T \right ]$


\begin {align}\text {SNIP}(\mathcal {N}_{\theta }) = \sum _{i,j} \left | \theta _{i,j} \cdot \frac {\partial \mathcal {L}}{\partial \theta _{i,j}} \right | \label {eq:snip_detailed}\end {align}


$\theta _{i,j} \cdot \frac {\partial \mathcal {L}}{\partial \theta _{i,j}}$


\begin {align}\text {Weight}\_\text {Cond}(\mathcal {N}_{\theta }) = \frac {1}{|\mathcal {L}|} \sum _{l=1}^{|\mathcal {L}|} \kappa (\mathbf {W}^l) \label {eq:weight_cond_detailed}\end {align}


$\kappa (\mathbf {W}^l) = \frac {\sigma _{\max }(\mathbf {W}^l)}{\sigma _{\min }(\mathbf {W}^l)}$


$\mathbf {W}^l$


$l$


\begin {align}\text {Sensitivity}(\mathcal {N}_{\theta }) = \left \|\nabla _{\mathbf {x}} \mathcal {L}\right \|_2 + \frac {1}{|\Theta |} \sum _{\theta \in \Theta } \left |\frac {\partial \mathcal {L}}{\partial \theta }\right | \label {eq:sensitivity_detailed}\end {align}


$\Theta $


\begin {align}\text {Params}(\mathcal {N}_{\theta }) = \sum _{l=1}^{L} |\theta ^l| \label {eq:params_detailed}\end {align}


$|\theta ^l|$


$l$


$\text {FLOPS}(\mathcal {N}_{\theta }) = \sum _{l=1}^{L} \text {ops}^l,$


$\text {ops}^l$


$l$


\begin {align}\text {Aggregate}(\mathcal {N}_{\theta }) = \sum _{m \in \mathcal {M}} w_m \cdot \text {Normalize}(m(\mathcal {N}_{\theta })) \label {eq:aggregate_score_detailed}\end {align}


\begin {align}\text {Normalize}(x) = \begin {cases} \frac {\log (x + \epsilon ) - \mu _{\log }}{\sigma _{\log }} & \text {for unbounded metrics} \\ \frac {x - x_{\min }}{x_{\max } - x_{\min }} & \text {for bounded metrics} \end {cases} \label {eq:normalization_detailed}\end {align}


$\mu _{\log }$


$\sigma _{\log }$


$w_m$


$\mathcal {D}_{\text {train}}, \mathcal {D}_{\text {val}}, \mathcal {D}_{\text {test}}$


$N_0, K_1, T_{\text {search}}, T_{\text {final}}$


$a^*$


$\theta ^*$


$\mathcal {A}_0 \gets \emptyset $


$i = 1$


$N_0$


$a_i \gets \text {Sample}(\mathcal {O} \times \mathcal {H})$


$s_i \gets \sum _{m \in \mathcal {M}} w_m \cdot \text {Normalize}(\ZeroCost (a_i, m))$


$\mathcal {A}_0 \gets \mathcal {A}_0 \cup \{(a_i, s_i)\}$


$\mathcal {A}_1 \gets \text {TopK}(\mathcal {A}_0, K_1)$


$s_i$


$\mathcal {A}_2 \gets \emptyset $


$(a, s) \in \mathcal {A}_1$


$\alpha , \theta \gets \text {Initialize}(a)$


$t = 1$


$T_{\text {search}}$


$t \geq T_{\text {warmup}}$


$t \bmod f_{\text {arch}} = 0$


$\mathcal {L}_{\text {arch}} \gets \mathcal {L}_{\text {val}}(\alpha , \theta ) + \mathcal {R}_{\text {arch}}(\alpha )$


$\alpha \gets \alpha - \eta _\alpha \nabla _\alpha \mathcal {L}_{\text {arch}}$


$\mathcal {L}_{\text {train}} \gets \mathbb {E}_{(x,y) \sim \mathcal {D}_{\text {train}}}[\ell (f(x; \alpha , \theta ), y)]$


$\theta \gets \theta - \eta _\theta \nabla _\theta \mathcal {L}_{\text {train}}$


$\tau ^{(t)} \gets \text {TemperatureSchedule}(t, T_{\text {search}})$


$a_{\text {derived}} \gets \Derive (\alpha )$


$v \gets \text {Evaluate}(a_{\text {derived}}, \mathcal {D}_{\text {val}})$


$\mathcal {A}_2 \gets \mathcal {A}_2 \cup \{(a_{\text {derived}}, v)\}$


$a^* \gets \arg \min _{a} \{v : (a, v) \in \mathcal {A}_2\}$


$\theta ^* \gets \FinalTrain (a^*, \mathcal {D}_{\text {train}}, \mathcal {D}_{\text {val}}, T_{\text {final}})$


$(a^*, \theta ^*)$


$N_0$


\begin {align}\mathcal {A}_0 = \{\text {Sample}(\mathcal {O}, \mathcal {H}) \mid i = 1, \ldots , N_0\} \label {eq:candidate_sampling}\end {align}


$\mathcal {O}$


$\mathcal {H}$


$d_{\text {latent}} \in \{64, 128, 256\}$


$N_{\text {cells}} \in \{2, 3, 4\}$


$N_{\text {nodes}} \in \{2, 3, 4\}$


\begin {align}s_i = \sum _{m \in \mathcal {M}} w_m \cdot \text {Normalize}(m(a_i)) \label {eq:zero_cost_score}\end {align}


$\mathcal {M} = \{\text {SynFlow}, \text {GraSP}, \text {NASWOT}, \text {JacobCov}, \text {Fisher}, \text {SNIP}\}$


$w_m$


$w_{\text {SynFlow}} = 0.25$


$w_{\text {GraSP}} = 0.15$


$w_{\text {NASWOT}} = 0.20$


$w_{\text {JacobCov}} = 0.15$


$w_{\text {Fisher}} = 0.15$


$w_{\text {SNIP}} = 0.10$


$K_1 = \lfloor 0.2 \times N_0 \rfloor $


\begin {align}\mathcal {A}_1 = \{a_i \in \mathcal {A}_0 \mid \text {rank}(s_i) \leq K_1\} \label {eq:candidate_selection}\end {align}


\begin {align}\min _{\alpha } \quad &\mathcal {L}_{\text {val}}(\alpha , \theta ^*(\alpha )) + \mathcal {R}_{\text {arch}}(\alpha ) \label {eq:bilevel_upper} \\ \text {subject to} \quad &\theta ^*(\alpha ) = \arg \min _{\theta } \mathcal {L}_{\text {train}}(\alpha , \theta ) \label {eq:bilevel_lower}\end {align}


$\alpha $


$\theta $


$\mathcal {R}_{\text {arch}}(\alpha )$


\begin {align}\alpha ^{(t+1)} &= \alpha ^{(t)} - \eta _\alpha \nabla _\alpha \left [\mathcal {L}_{\text {val}}(\alpha ^{(t)}, \theta ^{(t)}) + \mathcal {R}_{\text {arch}}(\alpha ^{(t)})\right ] \label {eq:arch_update} \\ \theta ^{(t+1)} &= \theta ^{(t)} - \eta _\theta \nabla _\theta \mathcal {L}_{\text {train}}(\alpha ^{(t)}, \theta ^{(t)}) \label {eq:weight_update}\end {align}


$\eta _\alpha = 3 \times 10^{-4}$


$\eta _\theta = 1 \times 10^{-3}$


\begin {align}\mathcal {D}_{\text {train}} = \mathcal {D}_{\text {model}} \cup \mathcal {D}_{\text {arch}}, \quad |\mathcal {D}_{\text {model}}| = 0.7|\mathcal {D}_{\text {train}}|, \quad |\mathcal {D}_{\text {arch}}| = 0.3|\mathcal {D}_{\text {train}}| \label {eq:data_split}\end {align}


\begin {align}\mathcal {R}_{\text {arch}}(\alpha ) &= \lambda _1^{(t)} \mathcal {L}_{\text {entropy}}(\alpha ) + \lambda _2 \mathcal {L}_{\text {identity}}(\alpha ) + \lambda _3^{(t)} \mathcal {L}_{\text {smooth}}(\alpha ) + \lambda _4^{(t)} \mathcal {L}_{\text {balance}}(\alpha ) \label {eq:arch_regularization}\end {align}


\begin {align}\mathcal {L}_{\text {entropy}}(\alpha ) &= -\sum _{e,k} p_{e,k} \log p_{e,k}, \quad \lambda _1^{(t)} = 0.1 \cdot (1 - t/T) \label {eq:entropy_reg} \\ \mathcal {L}_{\text {identity}}(\alpha ) &= \sum _{e} \max (0, p_{\text {identity}}^{(e)} - 0.5)^2, \quad \lambda _2 = 0.2 \label {eq:identity_reg} \\ \mathcal {L}_{\text {smooth}}(\alpha ) &= \frac {1}{|E|} \sum _{e} \|\alpha ^{(e)}_{t} - \alpha ^{(e)}_{t-1}\|_2^2, \quad \lambda _3^{(t)} = 0.05 \cdot (t/T) \label {eq:smooth_reg} \\ \mathcal {L}_{\text {balance}}(\alpha ) &= \text {Var}(\{\sum _e p_{e,k} \mid k \in \mathcal {O}\}), \quad \lambda _4^{(t)} = 0.1 \cdot \max (0, 1 - 2t/T) \label {eq:balance_reg}\end {align}


$p_{e,k}$


$k$


$e$


$T$


$\text {Var}(\cdot )$


$\lambda _1^{(t)}$


$\lambda _2 = 0.2$


$\lambda _3^{(t)}$


$\lambda _4^{(t)}$


$\beta _1 = 0.5, \beta _2 = 0.999$


$10^{-4}$


\begin {align}o^{(i,j)} = \arg \max _{o \in \mathcal {O}} \alpha _o^{(i,j)} \label {eq:architecture_derivation}\end {align}


$\alpha _o^{(i,j)}$


$o$


$(i,j)$


\begin {align}\theta ^* = \arg \min _\theta \mathcal {L}_{\text {train}}(a^*, \theta ; \mathcal {D}_{\text {train}}) \label {eq:final_training}\end {align}


$a^*$


$\lfloor 0.33T_{\text {final}} \rfloor $


\begin {align}\theta _{\text {SWA}} = \frac {1}{n} \sum _{i=1}^{n} \theta _i \label {eq:swa}\end {align}


$n$


$0.3T_{\text {final}}$


$\mathcal {R}_{\text {arch}}(\alpha )$


$\alpha $


$t$


$T$


$\mathcal {R}_{\text {arch}}(\alpha )$


$\lambda _1^{(t)} \gets 0.1 \cdot (1 - t/T)$


$\lambda _2 \gets 0.2$


$\lambda _3^{(t)} \gets 0.05 \cdot (t/T)$


$\lambda _4^{(t)} \gets 0.1 \cdot \max (0, 1 - 2t/T)$


$\mathcal {L}_{\text {entropy}} \gets -\sum _{e,k} p_{e,k} \log p_{e,k}$


$p_{e,k} = \text {softmax}(\alpha _k^{(e)})$


$\mathcal {L}_{\text {identity}} \gets \sum _{e} \max (0, p_{\text {identity}}^{(e)} - 0.5)^2$


$\mathcal {L}_{\text {smooth}} \gets \frac {1}{|E|} \sum _{e} \|\alpha ^{(e)}_t - \alpha ^{(e)}_{t-1}\|_2^2$


$t > 1$


$\mathcal {L}_{\text {balance}} \gets \text {Var}\left (\left \{\sum _e p_{e,k} \mid k \in \mathcal {O}\right \}\right )$


$\mathcal {R}_{\text {arch}} \gets \lambda _1^{(t)} \mathcal {L}_{\text {entropy}} + \lambda _2 \mathcal {L}_{\text {identity}} + \lambda _3^{(t)} \mathcal {L}_{\text {smooth}} + \lambda _4^{(t)} \mathcal {L}_{\text {balance}}$


$\mathcal {R}_{\text {arch}}$


$C_{\text {zero}}$


$C_{\text {darts}}$


$C_{\text {full}}$


\begin {align}C_{\text {total}} = N_0 \cdot C_{\text {zero}} + K_1 \cdot C_{\text {darts}} + C_{\text {full}} \label {eq:total_cost}\end {align}


$N_0 = 1000$


$K_1 = 200$


$C_{\text {zero}} \ll C_{\text {darts}} \ll C_{\text {full}}$


\begin {align}\text {MAE} &= \frac {1}{n}\sum _{i=1}^{n}|y_i - \hat {y}_i| \label {eq:mae} \\ \text {MSE} &= \frac {1}{n}\sum _{i=1}^{n}(y_i - \hat {y}_i)^2 \label {eq:mse} \\ \text {RMSE} &= \sqrt {\text {MSE}} \label {eq:rmse} \\ \text {R}^2 &= 1 - \frac {SS_{\text {res}}}{SS_{\text {tot}}} \label {eq:r2}\end {align}


$SS_{\text {res}} = \sum _{i}(y_i - \hat {y}_i)^2$


$SS_{\text {tot}} = \sum _{i}(y_i - \bar {y})^2$


$y \in \mathbb {R}^n$


$x \in \mathbb {R}^n$


$r = y - x$


$\ell _1$


$\ell _1$


\begin {align}\min _{x \in \mathbb {R}^n} \left \{ \frac {1}{2} \|y - x\|_2^2 + \lambda \|D^{(2)} x\|_1 \right \},\end {align}


$\lambda > 0$


$D^{(2)} \in \mathbb {R}^{(n-2) \times n}$


$(D^{(2)}x)_t = x_t - 2x_{t+1} + x_{t+2}$


$t = 1, \ldots , n - 2$


$\|D^{(2)}x\|_1$


$\rho _\delta (\cdot )$


$\ell _2$


$\ell _1$


\begin {align}\min _{x \in \mathbb {R}^n} \left \{ \sum _{t=1}^{n} \rho _\delta (y_t - x_t) + \lambda \|D^{(2)} x\|_1 \right \},\end {align}


$\rho _\delta (u) = \frac {1}{2}u^2$


$|u| \leq \delta $


$\rho _\delta (u) = \delta (|u| - \frac {1}{2}\delta )$


$r = y - x$


$\eta _w$


$\eta _\alpha $


$\eta _w$


$\eta _\alpha $


\begin {equation*}\eta _w \in \{10^{-4}, 3\!\times \!10^{-4}, 10^{-3}, 3\!\times \!10^{-3}\}, \quad \eta _\alpha \in \{3\!\times \!10^{-4}, 10^{-3}, 3\!\times \!10^{-3}, 10^{-2}\}.\end {equation*}


$\eta _w$


$\eta _\alpha $


$\eta _w$


$10^{-3}$


$3\times 10^{-3}$


$\eta _\alpha $


$\pm $


$\pm $


$\eta _\alpha $


$\eta _w$


$\eta _w$


$r=0.961$


$r=0.76$


$r=0.57$


$r=0.800$


$r=0.27$


$1 - \rho _{\text {Spearman}}$


$\Delta \rho = 0.57$


$\Delta \rho < 0.02$


$\rho = 0.43$


$\rho \approx 1.0$


$\Delta \rho \approx 0.01$


$1.8\times 10^{-5}$


$2.439\times 10^{-3}$


$1.0 \times 10^{-5}$


$1.6 \times 10^{-5}$


$\mathcal {O}$


$\mathcal {O}$


$P$


$\mathcal {O}_1, \mathcal {O}_2, \dots , \mathcal {O}_P \subseteq \mathcal {O}$


$\mathcal {O}_p$


$N$


$\mathcal {O}_p$


$c$


\begin {equation*}S(c) = \sum _{k=1}^{K} w_k \, f_k(c),\end {equation*}


$f_k(c)$


$k$


$w_k$


$K$


$\sigma $


$K$


$\mathrm {Freq}(\sigma ) = \sum _{p=1}^{P} \mathbb {I}\{\sigma \in \mathrm {TopK}(\mathcal {O}_p)\}$


$\sigma $


$K$


$\mathrm {AvgRank}(\sigma ) = \frac {1}{P_\sigma } \sum _{p \in \mathcal {P}_\sigma } r_{p}(\sigma )$


$r_p(\sigma )$


$\sigma $


$p$


$\mathcal {P}_\sigma $


$\sigma $


$\mathrm {WorstRank}(\sigma ) = \max _{p \in \mathcal {P}_\sigma } r_p(\sigma )$


$\mathcal {O}$


$k$
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supporting the transition toward more reliable and sustainable power
systems [10].

Considering the impacts of power outages, this paper focuses on pre-
dicting failures in electrical power grids by monitoring the increase in 
leakage current from contaminated insulators. Thus, the main goal of 
this analysis is to predict when contamination becomes high enough to 
cause an electrical breakdown, thereby allowing proactive measures to 
be taken to prevent power outages. Traditional monitoring approaches 
rely on periodic inspections by specialized personnel, but these methods 
struggle to predict failure progression and determine optimal mainte-
nance schedules, particularly when visual indicators are absent or subtle 
[11].

Leakage current measurement is a reliable indicator for assessing 
insulator condition and predicting impending failures [12]. Unlike vi-
sual inspection methods that may miss critical degradation stages, 
leakage current provides a quantitative assessment of surface con-
ductivity changes that precede flashover events [13]. However, the
temporal patterns in leakage current exhibit complex, non-linear char-
acteristics with significant noise components arising from environmen-
tal variations, measurement artifacts, and the inherent non-linearity of 
electrical discharge phenomena [14]. These complexities present sub-
stantial challenges for traditional time series forecasting approaches, 
which often rely on fixed architectural assumptions that may not op-
timally capture the diverse temporal dependencies present in electrical 
insulation degradation processes.

Recent advances in deep learning have demonstrated promising re-
sults for time series forecasting in electrical power systems, with Long 
Short-Term Memory (LSTM) networks and attention mechanisms [15] 
showing particular effectiveness for capturing long-term dependencies 
in temporal data [16]. However, the manual design of neural net-
work architectures for time series forecasting remains a labor-intensive 
process requiring extensive domain expertise and empirical tuning.
Different aspects of insulator degradation may benefit from different ar-
chitectural components-for instance, high-frequency noise may require 
specialized filtering operations, while long-term degradation trends may 
benefit from different temporal modeling approaches.

Neural Architecture Search (NAS) offers a promising solution to this 
challenge by automating the discovery of optimal network architectures 
for specific forecasting tasks. Traditional NAS approaches, however, suf-
fer from prohibitive computational costs that scale exponentially with 
search space size, making them impractical for many real-world appli-
cations. Differentiable Architecture Search (DARTS) addresses this lim-
itation by reformulating the discrete architecture search problem as a 
continuous optimization problem, enabling efficient gradient-based op-
timization of architectural parameters [17].

Despite these advances, existing DARTS frameworks face several lim-
itations when applied to time series forecasting, particularly for criti-
cal infrastructure monitoring applications like insulator fault prediction. 
First, standard DARTS implementations often converge to trivial solu-
tions dominated by identity operations, limiting architectural diversity 
and exploration of meaningful design choices [18]. Second, traditional 
encoder-decoder architectures employ fixed architectural paradigms 
that may not optimally adapt to the varying temporal characteristics 
of different forecasting problems [19]. Third, existing attention mecha-
nisms typically rely on content-based similarity measures that may not 
capture the specific temporal relationships and patterns inherent in time 
series data [20].

This work addresses these limitations through several key contri-
butions. We introduce an enhanced differentiable architecture search 
framework specifically designed for time series forecasting that incor-
porates mixed encoder-decoder architectures with learnable component 
selection. The framework enables dynamic architecture selection at the 
sequence modeling level, allowing the model to automatically discover 
optimal combinations of LSTM [21], Gated Recurrent Units (GRU) [22], 
and Transformer components [23] based on data characteristics. We de-
velop a novel cross-attention bridge mechanism with learnable tempo-

ral bias that captures sequence-dependent relationships specific to time 
series forecasting, extending beyond standard content-based attention 
mechanisms. Additionally, we implement comprehensive regularization 
techniques, including entropy regularization, identity operation penal-
ties to ensure exploration of diverse and meaningful architectural solu-
tions.

We demonstrate the effectiveness of our approach on insulator leak-
age current prediction, a critical application where accurate forecasting 
can prevent catastrophic power system failures. The proposed frame-
work automatically discovers architectures that achieve superior fore-
casting performance compared to manually designed networks, while 
providing insights into the temporal modeling strategies that prove most 
effective for electrical insulation degradation patterns. The zero-cost 
evaluation metrics enable efficient architecture screening without full 
training, significantly reducing computational overhead while maintain-
ing high-quality architecture discovery.

Based on that, the contributions of this work are:
• Proposes a differentiable architecture search framework for time se-
ries forecasting in insulator fault prediction.

• Introduces a mixed encoder-decoder design combining LSTM, 
GRU, and Transformer components with learnable architecture
selection.

• Develops a novel cross-attention bridge mechanism with learnable 
temporal bias and adaptive gating for sequence modeling.

• Utilizes zero-cost evaluation metrics for early architecture screening, 
reducing training cost.

• Implements entropy and diversity regularization to promote archi-
tectural diversity and avoid trivial solutions.

• Employs a multi-fidelity architecture search strategy combining 
zero-cost metrics and bilevel optimization for efficient model dis-
covery.

• Achieves superior forecasting performance on real-world insulator 
leakage current datasets.

• Demonstrates the ability to adaptively model degradation pro-
cesses in electrical power systems with reduced computational
overhead.

The remainder of this paper is organized as follows: After introducing 
the critical need for reliable insulator fault prediction and the limitations 
of traditional monitoring and forecasting approaches, the paper presents 
the proposed differentiable architecture search framework in detail.
Section 2 surveys related work on machine learning techniques for in-
sulator monitoring. Section 3 introduces the enhanced DARTS-based 
architecture, including its cell structure, mixed encoder-decoder com-
ponents, and cross-attention mechanisms, followed by the multi-fidelity 
search strategy and regularization methods. Section 4 reports the experi-
mental results, evaluating architecture search efficiency and forecasting 
performance. Finally, Section 5 concludes with the contributions and 
implications of the proposed approach.

2.  Related works

The reliable prediction of faults in engineering systems is a central 
challenge in modern monitoring and maintenance strategies, as early 
detection of degradation can significantly reduce operational risks and 
unexpected failures [24]. In many applications, this task depends on 
identifying informative precursors embedded in noisy and nonstationary 
data, which requires robust data-driven modeling approaches capable 
of capturing subtle temporal and structural patterns [25]. At the same 
time, the increasing complexity of learning models and the diversity of 
operating conditions highlight the importance of systematic methods for 
model design and optimization, rather than ad hoc or purely manual so-
lutions [26]. Together, these aspects motivate research efforts that com-
bine domain-specific knowledge with advanced learning frameworks to 
improve predictive accuracy, generalization, explainability, and adapt-
ability across a wide range of real-world fault prediction problems [27].
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2.1.  Insulator fault detection

Several studies have addressed the problem of insulator fault predic-
tion by focusing on the monitoring and analysis of leakage current as a 
key indicator of degradation [28]. Early works emphasized threshold-
based and signal processing techniques to detect abnormal leakage cur-
rent patterns associated with contamination, aging, and environmen-
tal stress, demonstrating their relevance for preventive maintenance in 
power systems [29]. More recent research has explored advanced mon-
itoring frameworks that combine sensing technologies with data-driven 
methods to improve sensitivity and robustness under varying operat-
ing conditions [30]. Investigations on polymeric and ceramic insulators 
have shown that leakage current characteristics are strongly correlated 
with surface pollution and moisture, reinforcing their suitability as fault 
precursors [31].

Traditional fault detection techniques include thermal imaging [32], 
ultraviolet radiation [33], and acoustic analysis [34], which can be per-
formed using an Unmanned Aerial Vehicle (UAV) [35]. However, these 
are often reactive, requiring field inspections and lacking temporal fore-
casting. Consequently, machine learning and signal processing-based 
approaches have gained prominence. Sopelsa Neto et al. [36] evaluated 
forecasting methods such as LSTM, Group Method of Data Handling 
(GMDH), adaptive-network-based fuzzy inference system, and ensemble 
learning techniques, including bagging, boosting, and stacking, apply-
ing wavelet transforms to enhance signal preprocessing. Their findings 
indicated that wavelet-enhanced hybrid models outperformed classical 
models in predicting the evolution of leakage current.

Several other works applied similar attention-based architectures. 
Beyond architecture, the use of filters has been fundamental in de-
noising signals. Stefenon et al. [37] proposed a method combining 
the Christiano-Fitzgerald random walk filter with GMDH. This hy-
brid model achieved superior noise suppression and forecasting ac-
curacy compared to standard LSTM and GMDH methods. To further
improve long-sequence modeling, attention-based mechanisms were in-
tegrated into forecasting architectures. Klaar et al. [38] introduced an 
optimized Empirical Wavelet Transform (EWT)-sequence-to-sequence-
LSTM model with attention, which demonstrated increased forecasting 
precision when combined with EWT and hyperparameter optimization 
using Optuna.

Composite insulators are widely used in power systems for their low 
weight, high strength, and hydrophobicity, but polymer aging poses 
challenges for their condition diagnosis. Jin et al. [39] proposed using a 
knowledge graph to enhance diagnostic efficiency by structuring expert 
knowledge. Two methods being the lite bidirectional encoder represen-
tations from transformer (ALBERT), bidirectional LSTM (BiLSTM), con-
ditional random field (CRF) model, and the ALBERT-bidirectional GRU 
(BiGRU)-attention, were used for entity and relation extraction, achiev-
ing F1-scores of 92.49% and 92.36%. The resulting knowledge graph, 
with 820 triplets, integrates data on conditions, methods, and faults, 
supporting AI-driven diagnosis.

The increasing occurrence of decay-like fractures in composite insu-
lator core rods has raised concerns about transmission line reliability. 
Yet, quantitative assessment methods for evaluating degradation levels 
remain limited. Fang et al. [40] proposed an ultrasonic guided wave-
based approach to assess the degradation degree of core rods collected 
from the field. Both simulations and experiments were performed, iden-
tifying the 35 kHz T(0,1) and 55 kHz L(0,1) wave modes as effective for 
detection. Results showed that the peak-to-peak amplitude of received 
signals decreased with greater decay. Given that, this work offers a prac-
tical reference for evaluating decay-like degradation in composite insu-
lator core rods.

Insulator failures, often caused by flashovers, pose serious threats 
to power system reliability. Lutfi et al. [41] proposed a deep learning-
based method combining ultrasonic sensing with a convolutional neural 
network to detect and classify ceramic insulator defects. Their model 
was trained on ultrasonic data from a defective two-disk setup in the 

lab and tested in both a three-disk setup and a real 138/13.8kV sub-
station. It achieved accuracies of 99% and 96% in lab settings, and 
91% in the field. Using gradient-weighted class activation mapping, the 
model’s attention to high-frequency spectral features was revealed, high-
lighting its potential for accurate and nonintrusive insulator condition
monitoring.

Novel techniques for insulator state diagnostics include spectral anal-
ysis of leakage current [42], wavelet preprocessing [43], using trans-
formers [44], digital fault recorders [45], knowledge transfer with at-
tention mechanism network [46], considering infrared thermal cameras 
[47], and COMSOL-based simulations for electric field stress evaluation 
[48]. These approaches further validate the correlation between leakage 
current trends and flashover probability. These works highlight a trajec-
tory from classic signal acquisition toward hybrid, filter-enhanced, deep 
learning-based forecasting models, establishing a strong foundation for 
the development of robust predictive maintenance tools in power sys-
tems.

Considering this problem, Differentiable Neural Architecture Search 
(DNAS) has emerged as a powerful paradigm for automating the de-
sign of neural network architectures by enabling gradient-based opti-
mization over the architecture space [49]. Instead of relying on discrete 
and computationally expensive trial and error strategies, this approach 
relaxes architectural choices into continuous parameters, allowing effi-
cient joint optimization of both network weights and structure [50]. As a 
result, Differentiable Neural Search has been successfully applied in do-
mains such as computer vision, natural language processing, and time 
series forecasting, where it has demonstrated competitive or superior 
performance compared to manually designed models while significantly 
reducing search cost [51].

2.2.  Differentiable neural architecture search applications

DNAS has been successfully applied to various domains, including 
time series forecasting, which aligns closely with the challenges in fault 
prediction from nonstationary signals like leakage current. The foun-
dational work, DARTS, introduced a continuous relaxation of the ar-
chitecture representation, allowing gradient-based optimization to effi-
ciently search for high-performing networks in vision and other tasks 
[52]. This method significantly reduced search times compared to ear-
lier reinforcement learning or evolutionary approaches.

In high-dimensional time series forecasting, DNAS has been adapted 
to handle multivariate data, such as stock prices. A key study proposed 
a DNAS framework that automates the design of neural models for 
such data, achieving superior accuracy on real-world datasets [53]. Re-
cent advancements include hierarchical NAS approaches for time series, 
where a broad search space encompasses various forecasting models. 
This method optimizes architectures hierarchically, leading to improved 
generalization and efficiency in forecasting tasks [54].

For financial time series forecasting, chain-structured NAS has been 
explored, comparing optimization strategies like Bayesian optimization, 
hyperband, and reinforcement learning on architectures such as Multi-
layer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), and 
Recurrent Neural Networks (RNNs). This work highlights the effec-
tiveness of simple, chain-based search spaces for small datasets, with 
Bayesian methods often yielding the best results despite high variance 
in financial data [55]. Directly relevant to fault diagnosis, DNAS has 
been applied to domain adaptation problems in mechanical systems. By 
automating architecture design while addressing distribution shifts be-
tween source and target domains, this approach enhances fault detection 
accuracy under varying conditions [56].

For power systems, differentiable NAS has been applied to optimize 
Transformer architectures for power system fault detection, reducing 
the need for manual design of attention and feedforward layers [57]. 
Transformers are viewed as a suitable alternative to deep CNN atten-
tion and RNN-based models, as they can reduce memory demands while 
better capturing long-term dependencies in electrical signals. Given the 

Results in Engineering 29 (2026) 109716 

3 



L.O. Seman et al.

variety of possible attention mechanisms and feedforward structures, 
manual design becomes inefficient, motivating the use of differentiable 
architecture search strategies such as DARTS to enable end-to-end opti-
mization with reduced search cost. DNAS emerges as a viable solution to 
automatically construct deep learning architectures by exploring struc-
tured search spaces while relaxing discrete design choices into continu-
ous ones [58].

3.  Differentiable architecture search for time series forecasting

Neural architecture search automates the design of neural network 
architectures, eliminating manual trial-and-error approaches. Tradi-
tional neural architecture search methods require training numerous 
candidate architectures to convergence, imposing computational costs 
that scale exponentially with search space size. This work presents an 
enhanced differentiable architecture search framework for time series 
forecasting that integrates mixed encoder-decoder architectures with 
cross-attention bridging mechanisms and comprehensive regularization 
techniques to ensure architectural diversity and prevent premature con-
vergence.

Let  represent the space of all possible neural architectures for time 
series forecasting tasks. Each architecture 𝑎 ∈  is characterized by its 
operation set 𝑎, connectivity patterns 𝑎, and hyperparameter config-
uration 𝑎. The objective is to identify the optimal architecture 𝑎∗ ∈ 
that minimizes the validation loss function: 
𝑎∗ = argmin

𝑎∈
val(𝑎;val, 𝜃

∗
𝑎 ) (1)

where val denotes the validation dataset and 𝜃∗𝑎 represents the optimal 
network parameters obtained through training on the training dataset 
train: 
𝜃∗𝑎 = argmin

𝜃
train(𝑎;train, 𝜃) (2)

3.1.  DARTS cell architecture

The architecture is composed of repeated cells, each represented as 
a directed acyclic graph 𝐺 = (𝑉 ,𝐸), where nodes correspond to latent 
feature states and edges represent candidate operations. Given 𝑁 nodes, 
the graph is defined by the vertex set 𝑉 = {𝑣0, 𝑣1,… , 𝑣𝑁−1} and the di-
rected edge set 𝐸 = {(𝑣𝑖, 𝑣𝑗 ) ∣ 0 ≤ 𝑖 < 𝑗 < 𝑁}. Each node 𝑣𝑗 aggregates 
incoming transformations from its predecessors according to 
𝑥(𝑗) = Aggregate

({

𝑜(𝑖,𝑗)(𝑥(𝑖)) ⋅ 𝜎(𝛾𝑖,𝑗 ) ∣ 𝑖 < 𝑗
})

, (3)

where 𝑜(𝑖,𝑗) denotes the operation assigned to edge (𝑖, 𝑗) and 𝛾𝑖,𝑗 is a learn-
able scalar controlling edge importance.

Each operation is selected from a hierarchical search space. The oper-
ation set  is partitioned into groups {𝑔}𝐺𝑔=1, where each group shares 
a semantic category (e.g., temporal, frequency, multiscale). The opera-
tion applied at edge (𝑖, 𝑗) is given by 

𝑜(𝑖,𝑗)(𝑥) =
𝐺
∑

𝑔=1
𝜋(𝑖,𝑗)
𝑔

∑

𝑘∈𝑔

𝜋(𝑖,𝑗)
𝑔,𝑘 ⋅ op𝑔,𝑘(𝑥), (4)

where 𝜋(𝑖,𝑗)
𝑔  and 𝜋(𝑖,𝑗)

𝑔,𝑘  are softmax- or Gumbel-softmax-based probabili-
ties parameterized by learnable logits and temperature 𝜏.

The aggregation function in (3) can take different forms depending 
on the configuration:

• Mean aggregation: 

Aggregatemean(𝑗 ) =
1

|𝑗 |
∑

𝑧∈𝑗

𝑧 (5)

• Weighted aggregation: 

Aggregateweighted(𝑗 ) =
|𝑗 |
∑

𝑖=1
𝛽(𝑗)𝑖 𝑧𝑖, 𝛽(𝑗)𝑖 = softmax(𝛿(𝑗)𝑖 ) (6)

• Attention-based aggregation: 

Aggregateattn(𝑗 ) =
∑

𝑖
𝑎𝑖𝑧𝑖, 𝑎𝑖 = softmax

(

𝑞⊤𝑧𝑖
√

𝑑

)

, 𝑞 = 1
|𝑗 |

∑

𝑧∈𝑗

𝑧

(7)

Each node includes a residual connection parameterized by a learn-
able scalar 𝜌𝑗 , such that the final node output is computed as 

𝑥(𝑗)res = 𝜎(𝜌𝑗 ) ⋅ 𝑥(𝑗) + (1 − 𝜎(𝜌𝑗 )) ⋅ 𝑥(𝑗−1), (8)

where 𝜎 denotes the sigmoid function. The cell input undergoes a pro-
jection and normalization step: 
𝑥(0) = GELU(RMSNorm(𝑊in𝑥input)), (9)

and the final output of the cell is obtained by blending the last node 
with the input: 
𝑥output = 𝜎(𝜌0) ⋅ 𝑥(𝑁−1) + (1 − 𝜎(𝜌0)) ⋅ 𝑥(0), (10)

here, RMSNorm stands for Root Mean Square Layer Normalization.
A progressive search strategy is employed, in which the operation 

space is expanded over discrete stages (basic, intermediate, advanced), 
controlling the complexity of available operations over time. The effec-
tive number of architecture parameters grows as 
|Θarch| =

∑

(𝑖,𝑗)∈𝐸
|(𝑖,𝑗)

active|, (11)

with (𝑖,𝑗)
active denoting the active set of operations at each edge during 

the current stage.
In the DARTS cell, a forward pass is used as implemented in Al-

gorithm 1. The algorithm defines an advanced encoder-decoder struc-
ture fed by differentiable architecture search to predict future time se-
quences. It begins by incorporating the input time series with positional 
information and processing it through a stack of hierarchical DARTS 
cells, each defined by architecture parameters. The outputs of these cells 
are adaptively fused through a learnable gate mechanism, producing a 
refined latent representation. This representation is then passed through 
a mixed encoder that generates hidden and contextual states, used to 
initialize the decoder.

The autoregressive decoder uses a cross-attention bridge to dynam-
ically integrate encoder information at each time step. It uses a combi-
nation of residual connections and a controlled teacher forcing mecha-
nism to balance learning from ground truth and self-generated predic-
tions. This design allows the model to flexibly adapt its structure through 
learned architecture weights, enabling efficient and accurate predictions 
across diverse time series domains.

3.2.  Operation space and memory-efficient design

The operation space comprises ten specialized components designed 
for time series modeling, where all operations inherit from a memory-
efficient base class with lazy initialization. This design pattern defers 
parameter allocation until first use, significantly reducing memory over-
head during neural architecture search. The lazy initialization mecha-
nism is formalized as: 

MemoryEfficientOp(𝑥) =

{

lazy_init(𝑥); forward(𝑥) if not initialized
forward(𝑥) otherwise

(12)

where 𝑥 ∈ ℝ𝐵×𝐿×𝑑in  represents the input tensor with batch size 𝐵, se-
quence length 𝐿, and input dimension 𝑑in. The operation search space 
 contains ten distinct operations, each targeting specific aspects of 
temporal pattern modeling. All operations transform input tensors from 
ℝ𝐵×𝐿×𝑑in  to ℝ𝐵×𝐿×𝑑out , where 𝑑out denotes the output dimension.

Fig. 1 presents the DARTSCell diagram, where different operations 
can be used to build the complete architecture. The proposed method 
searches for the optimal combinations of each operation, ensuring the 
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Algorithm 1: DARTS forward pass for time series forecasting.
Input : Historical sequence 𝑥 ∈ ℝ𝐵×𝐿×𝑑 ; Future targets 𝑦 ∈ ℝ𝐵×𝐻×𝑑

(optional)
Input : Teacher forcing ratio 𝜌 ∈ [0, 1]; Architecture parameters 

𝛼 = {𝛼(𝓁), 𝛼enc, 𝛼dec}
Output: Forecasted sequence 𝑦̂ ∈ ℝ𝐵×𝐻×𝑑

// Input Embedding and Positional Encoding
𝑥emb ← InputEmbedding(𝑥) + PositionalEncoding(𝐿, 𝑑);
// Hierarchical DARTS Cell Processing
ℎ(0) ← 𝑥emb,  ← ∅ ; // Initialize features and cell outputs
for 𝓁 = 1 to 𝑁cells do

ℎ(𝓁) ← DARTSCell(ℎ(𝓁−1), 𝛼(𝓁)) ; // Differentiable cell 
operation

𝑓 (𝓁) ← CellProjection𝓁(ℎ(𝓁)) ⋅ Scale𝓁(𝛼(𝓁)) ; // Weighted 
projection

 ←  ∪ {𝑓 (𝓁)};
ℎ(𝓁) ← LayerNorm(ℎ(𝓁) + Residual(ℎ(𝓁−1))) ; // Residual 

connection
end 
// Adaptive Feature Fusion
𝑤cell ← Softmax(𝛼cell∕𝜏) ; // Temperature-controlled cell 

weights

𝑓combined ←
∑𝑁cells

𝓁=1 𝑤cell,𝓁 ⋅ 𝑓 (𝓁);
𝑔 ← 𝜎(GateFusion([𝑓combined; 𝑥emb])) ; // Learnable gating
𝑧 ← 𝑔 ⊙ 𝑓combined + (1 − 𝑔)⊙ 𝑥emb ; // Gated combination
// Mixed Encoder with Architecture Selection
(ℎenc, 𝑐enc, 𝑠enc) ← MixedEncoder(𝑧, 𝛼enc);
// Autoregressive Decoding with Cross-Attention Bridge
𝑌 ← [], ℎdec ← 𝑠enc, 𝑢0 ← 𝑥[∶,−1 ∶, ∶] ; // Initialize decoder 

state
for 𝑡 = 1 to 𝐻 do

// Mixed decoder processing
(𝑜𝑡, ℎdec) ← MixedDecoder(𝑢𝑡−1, 𝑐enc, ℎdec, 𝛼dec);
// Cross-attention bridge for information flow
𝑜̃𝑡 ← AttentionBridge(𝑜𝑡, ℎenc, 𝑐enc);
// Output processing with residual connections
𝑟𝑡 ← LayerNorm(𝑜̃𝑡 + 𝑜𝑡) ; // Attention residual
𝑝𝑡 ← MLP(𝑟𝑡) + 𝑟𝑡 ; // Feed-forward residual
𝑦̂𝑡 ← OutputProjection(𝑝𝑡) ; // Final prediction
𝑌 ← 𝑌 ∪ {𝑦̂𝑡};
// Teacher forcing decision for next input
if training and 𝑦 ≠ None and Bernoulli(𝜌) = 1 then

𝑢𝑡 ← 𝑦[∶, 𝑡 − 1 ∶ 𝑡, ∶] ; // Ground truth input
else

𝑢𝑡 ← 𝑦̂𝑡 ; // Predicted input
end

end 
return Concat(𝑌 ,dim = 1) ; // Stack predictions along time 

dimension

best design. Here, Identity, Temporal Convolution (TimeConv), Tem-
poral Convolutional Network (TCN), Residual Multi-Layer Perceptron 
(ResidualMLP), Frequency-Domain Fourier, Multi-Scale Wavelet, En-
hanced ConvMixer, Gated Residual Network (GRN), Multi-Scale Con-
volution (MultiScaleConv), Pyramid Convolution (PyramidConv), and 
Normalization operations are considered.

The operations of the DARTSCell diagram have the following goals:
Identity Operation: The Identity operation provides a parameter-

efficient skip connection that preserves temporal structure while en-
abling dimension transformation when necessary: 

Identity(𝑥) =

{

𝑥 if 𝑑in = 𝑑out
𝑊proj𝑥 otherwise

(13)

where 𝑊proj ∈ ℝ𝑑out×𝑑in  is a learnable projection matrix. This operation 
serves as a crucial baseline and prevents architecture collapse by main-
taining gradient flow paths throughout the search process.

Temporal Convolution (TimeConv): The TimeConv operation em-
ploys depthwise separable convolutions optimized for temporal se-
quence processing. The operation decomposes standard convolution into 
channel-wise and cross-channel components:
TimeConv(𝑥) = RMSNorm(Pointwise(Depthwise(𝑥𝑇 ))𝑇 + Residual(𝑥))

(14)

Depthwise(𝑥) = Conv1Dgroups=𝑑in (𝑥,𝐾 = 3,padding = 2) (15)

Pointwise(𝑥) = Conv1D𝐾=1(𝑥) (16)

where 𝐾 denotes the kernel size, groups = 𝑑in indicates depthwise con-
volution with each input channel processed independently, and causal 
padding ensures temporal ordering preservation. The depthwise con-
volution captures local temporal patterns within each feature channel 
independently, while pointwise convolution facilitates information ex-
change across channels.

Temporal Convolutional Network (TCN): TCN extends TimeConv 
with dilated convolutions to capture hierarchical temporal dependen-
cies across multiple time scales:

TCN(𝑥) = RMSNorm(Pointwise(Depthwisedil(𝑥𝑇 , 𝑑))𝑇

+ Residual(𝑥)) (17)

Depthwisedil(𝑥, 𝑑) = Conv1Dgroups=𝑑in (𝑥,𝐾 = 3,dilation = 𝑑) (18)

where the dilation rate 𝑑 ∈ {1, 2, 4} controls the receptive field size, en-
abling the network to capture long-range dependencies without sub-
stantially increasing parameter count. Higher dilation rates allow the 
convolution to skip input positions, effectively expanding the temporal 
receptive field.

Residual Multi-Layer Perceptron (ResidualMLP): ResidualMLP 
applies position-wise transformations with residual connections to 
model complex non-linear relationships within temporal features:
ResidualMLP(𝑥) = RMSNorm(MLP(𝑥) + Residual(𝑥)) (19)

MLP(𝑥) = 𝑊2 ⋅ GELU(Dropout(𝑊1𝑥 + 𝑏1)) + 𝑏2 (20)

Residual(𝑥) =

{

𝑥 if 𝑑in = 𝑑out
𝑊res𝑥 otherwise

(21)

where 𝑊1 ∈ ℝ𝑑hidden×𝑑in , 𝑊2 ∈ ℝ𝑑out×𝑑hidden , 𝑏1 ∈ ℝ𝑑hidden , 𝑏2 ∈ ℝ𝑑out  are 
learnable parameters, and 𝑊res ∈ ℝ𝑑out×𝑑in  is the residual projection 
matrix. The expansion factor typically sets the hidden dimension as 
𝑑hidden = 2.67 × 𝑑out, balancing expressivity with computational effi-
ciency.

Frequency-Domain Fourier Operation: The Fourier operation pro-
cesses temporal sequences in the frequency domain using learnable fre-
quency component weighting:
Fourier(𝑥) = OutputProj(FreqProj(weighted(𝑥))) (22)

weighted(𝑥) =
𝐾
∑

𝑘=1
𝑤𝑘 ⋅ [Real(rfft(𝑥)𝑘), Imag(rfft(𝑥)𝑘)] (23)

𝑤𝑘 = softmax(𝛽𝑘), 𝑘 = 1,… , 𝐾 (24)

FreqProj(𝑓 ) = GELU(𝑊𝑓 ⋅ 𝑓 + 𝑏𝑓 ) (25)

where 𝐾 = min(⌊𝐿∕2⌋ + 1, 32) represents the number of frequency com-
ponents retained, rfft(⋅) denotes the real-valued fast Fourier transform, 
𝛽𝑘 ∈ ℝ𝐾 are learnable frequency importance parameters, 𝑊𝑓 ∈ ℝ𝑑freq×2𝐾

and 𝑏𝑓 ∈ ℝ𝑑freq  are frequency projection parameters, and OutputProj ∶
ℝ𝑑freq → ℝ𝑑out  is the final output projection. The learnable weights 𝑤𝑘
allow the model to focus on relevant frequency bands adaptively.

Multi-Scale Wavelet Operation: The Wavelet operation captures 
temporal features across multiple scales using dilated convolutions that 
mimic wavelet decomposition: 

Wavelet(𝑥) = RMSNorm(Fusion([WaveletScale𝑑 (𝑥) ∣ 𝑑 ∈ {1, 2, 4}])) (26)

WaveletScale𝑑 (𝑥) = Dropout(GELU(BatchNorm(Pointwise(Depthwise𝑑 (𝑥𝑇 )))))𝑇

(27)

Fusion(𝑓1, 𝑓2, 𝑓3) = Conv1D(Concat([𝑓1, 𝑓2, 𝑓3]), 𝐾 = 1) (28)
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Fig. 1. DARTSCell diagram.

Fig. 2. Overview of the mixed encoder-decoder architecture showing parallel processing.

where WaveletScale𝑑 (𝑥) processes the input with dilation rate 𝑑, 
Concat(⋅) denotes concatenation along the feature dimension, and 
Fusion(⋅) combines multi-scale features through a 1 × 1 convolution 
[59]. Each scale captures both fine-grained (𝑑 = 1) and coarse (𝑑 = 4) 
temporal patterns, with adaptive average pooling ensuring consistent 
output dimensions.

ConvMixer Operation: ConvMixer combines depthwise and point-
wise convolutions with inner residual connections to enhance feature 
mixing:

ConvMixer(𝑥) = RMSNorm(PointwiseMix(DepthwiseMix(𝑥))

+ Residual(𝑥)) (29)

DepthwiseMix(𝑥) = GELU(BatchNorm(Depthwise(𝑊pre𝑥
𝑇 , 𝐾 = 9)))𝑇

(30)

PointwiseMix(𝑥) = Pointwise(𝑥𝑇 + Depthwise(𝑥𝑇 , 𝐾 = 9))𝑇 (31)

where 𝑊pre ∈ ℝ𝑑mix×𝑑in  is a pre-processing projection matrix, and 𝐾 = 9
denotes the large kernel size in depthwise convolution. The large ker-
nel enables modeling of extended temporal contexts, while the inner 
residual connection (𝑥𝑇 + Depthwise(𝑥𝑇 , 𝐾 = 9)) preserves information 
flow.

Gated Residual Network (GRN): GRN implements sophisticated 
gating mechanisms to control information flow and feature selection:

GRN(𝑥) = RMSNorm(Gate(ℎ)⊙ Transform(ℎ) + Residual(𝑥)) (32)

ℎ = GELU(𝑊1𝑥 + 𝑏1) (33)

Gate(ℎ) = 𝜎(𝑊𝑔ℎ + 𝑏𝑔) (34)

Transform(ℎ) = 𝑊2 ℎ + 𝑏2 (35)

where ℎ ∈ ℝ𝐵×𝐿×𝑑hidden  is the hidden representation, 𝑊1 ∈ ℝ𝑑hidden×𝑑in , 
𝑊𝑔 ∈ ℝ𝑑out×𝑑hidden , 𝑊2 ∈ ℝ𝑑out×𝑑hidden  are weight matrices, 𝑏1, 𝑏𝑔 , 𝑏2 are 
bias vectors, 𝜎(⋅) is the sigmoid activation function, and ⊙ denotes 
element-wise multiplication. The gating mechanism enables adaptive 
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Fig. 3. Cross-attention bridge mechanism.

feature selection, allowing the network to emphasize relevant temporal 
patterns while suppressing noise.

Multi-Scale Convolution (MultiScaleConv): This operation pro-
cesses input across multiple kernel sizes simultaneously and combines 
results through learned attention: 
MultiScaleConv(𝑥) = RMSNorm(AF([ScaleConv𝑘(𝑥) ∣ 𝑘 ∈ {1, 3, 5, 7}])

+ Residual(𝑥)) (36)

ScaleConv𝑘(𝑥) = GELU(BatchNorm(Pointwise(Depthwise(𝑥𝑇 , 𝐾 = 𝑘))))𝑇 (37)

AF(𝑓1, 𝑓2, 𝑓3, 𝑓4) =
4
∑

𝑖=1
𝛼𝑖 ⋅ 𝑓𝑖 (38)

𝛼𝑖 = softmax(AttentionNet(Concat([𝑓1, 𝑓2, 𝑓3, 𝑓4])))𝑖 (39)

where AF is the attention fusion, ScaleConv𝑘(𝑥) applies convolution 
with kernel size 𝑘, AttentionNet ∶ ℝ4𝑑out → ℝ4 is a learned attention net-
work, and 𝛼𝑖 represents the attention weight for scale 𝑖. The attention 
mechanism learns to weight different scales based on input characteris-
tics, enabling adaptive multi-resolution processing.

Pyramid Convolution (PyramidConv): PyramidConv implements 
hierarchical feature extraction through progressive downsampling and 
upsampling with skip connections:
PyramidConv(𝑥) = RMSNorm(Upsample(Downsample(𝑥)) + Residual(𝑥))

(40)

Downsample(𝑥) = EncodeLevel𝐿(⋯ (EncodeLevel1(𝑥))⋯) (41)

Upsample(𝑥) = DecodeLevel1(⋯ (DecodeLevel𝐿(𝑥))⋯) (42)

EncodeLevel𝑖(𝑥) = Conv1D(𝑥,𝐾 = 3, stride = 2) (43)

DecodeLevel𝑖(𝑥) = ConvTranspose1D(𝑥 + skip𝑖, 𝐾 = 3, stride = 2) (44)

where 𝐿 denotes the number of pyramid levels, EncodeLevel𝑖 applies 
strided convolution for 2× downsampling, DecodeLevel𝑖 uses transposed 

convolution for 2× upsampling, and skip𝑖 represents skip connections 
from corresponding encoding levels. This hierarchical approach cap-
tures multi-resolution temporal patterns effectively.

Normalization: Each operation incorporates Root Mean Square 
Layer Normalization (RMSNorm) for stable training: 

RMSNorm(𝑥) = 𝑥
√

1
𝑑out

∑𝑑out
𝑖=1 𝑥2𝑖 + 𝜖

⊙ 𝛾 (45)

where 𝛾 ∈ ℝ𝑑out  represents learnable scaling parameters, 𝜖 = 10−8 en-
sures numerical stability, and the RMS is computed across the feature di-
mension. This normalization scheme provides computational efficiency 
compared to LayerNorm while maintaining comparable performance in 
time series modeling tasks.

3.3.  Mixed encoder-decoder architecture components

The framework introduces a mixed encoder-decoder paradigm that 
enables dynamic architecture selection at the sequence modeling level. 
Fig. 2 presents this architecture, wherein the parallel processing uses 
LSTM [60], GRU [61], and Transformer components with learnable 
weight combination [62]. This approach addresses the fundamental 
limitation that different temporal patterns may benefit from differ-
ent sequence modeling approaches. Rather than committing to a sin-
gle architecture type, the framework simultaneously maintains and 
optimizes multiple encoder and decoder architectures, learning to 
weight their contributions based on input characteristics and forecasting
requirements.
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3.3.1.  Mixed encoder
The mixed encoder component maintains three distinct encoder ar-

chitectures, each specialized for different aspects of temporal model-
ing: LSTM networks for capturing long-term dependencies with explicit 
gating mechanisms [63], GRU providing computational efficiency with 
simplified gating [64], and Transformer encoders [65] leveraging self-
attention mechanisms for parallel processing and global context model-
ing [66].

Let  = {LSTMenc,GRUenc,Transformerenc} represent the set of en-
coder architectures. For an input sequence 𝑥 ∈ ℝ𝐵×𝐿×𝑑in  with batch size 
𝐵, sequence length 𝐿, and input dimension 𝑑in, the mixed encoder out-
put is computed as: 
ℎenc =

∑

𝑖∈{1,2,3}
𝑤enc

𝑖 ⋅ 𝑖(𝑥) (46)

where 1 = LSTMenc, 2 = GRUenc, 3 = Transformerenc, and each en-
coder produces hidden representations ℎenc ∈ ℝ𝐵×𝐿×𝑑latent  with latent di-
mension 𝑑latent.

The learnable encoder weights are derived through temperature-
controlled Gumbel softmax to enable differentiable architecture selec-
tion: 

𝑤enc
𝑖 =

exp((𝛼enc𝑖 + 𝑔𝑖)∕𝜏)
∑3

𝑗=1 exp((𝛼
enc
𝑗 + 𝑔𝑗 )∕𝜏)

(47)

where 𝛼enc𝑖 ∈ ℝ are learnable architecture parameters, 𝑔𝑖 ∼ Gumbel(0, 1)
are Gumbel noise samples, and 𝜏 > 0 is the temperature parameter con-
trolling the sharpness of the distribution.

Individual Encoder Specifications: Each encoder architecture im-
plements distinct computational patterns:

The LSTM encoder processes sequences through gated memory cells:
𝑓𝑡 = 𝜎(𝑊𝑓 [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓 ) (48)

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (49)

𝑐𝑡 = tanh(𝑊𝑐 [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐 ) (50)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐𝑡 (51)

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (52)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡) (53)

where 𝑓𝑡, 𝑖𝑡, 𝑜𝑡 ∈ ℝ𝑑latent  are forget, input, and output gates, 𝑐𝑡 ∈ ℝ𝑑latent

is the cell state, 𝑊𝑓 ,𝑊𝑖,𝑊𝑐 ,𝑊𝑜 ∈ ℝ𝑑latent×(𝑑latent+𝑑in) are weight matrices, 
𝑏𝑓 , 𝑏𝑖, 𝑏𝑐 , 𝑏𝑜 ∈ ℝ𝑑latent  are bias vectors, and 𝜎(⋅) denotes the sigmoid func-
tion [67].

The GRU encoder simplifies the gating mechanism:
𝑟𝑡 = 𝜎(𝑊𝑟[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑟) (54)

𝑧𝑡 = 𝜎(𝑊𝑧[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑧) (55)

ℎ̃𝑡 = tanh(𝑊ℎ[𝑟𝑡 ⊙ ℎ𝑡−1, 𝑥𝑡] + 𝑏ℎ) (56)

ℎ𝑡 = (1 − 𝑧𝑡)⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ̃𝑡 (57)

where 𝑟𝑡, 𝑧𝑡 ∈ ℝ𝑑latent  are reset and update gates, and 𝑊𝑟,𝑊𝑧,𝑊ℎ and 
𝑏𝑟, 𝑏𝑧, 𝑏ℎ follow similar dimensionality as LSTM parameters [68].

The Transformer encoder employs multi-head self-attention:
MultiHead(𝑄,𝐾, 𝑉 ) = Concat(head1,… ,head𝐻 )𝑊 𝑂 (58)

head𝑖 = Attention(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖 ) (59)

Attention(𝑄,𝐾, 𝑉 ) = softmax

(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (60)

where 𝐻 is the number of attention heads, 𝑑𝑘 = 𝑑latent∕𝐻 is the dimen-
sion per head, 𝑊 𝑄

𝑖 ,𝑊 𝐾
𝑖 ,𝑊 𝑉

𝑖 ∈ ℝ𝑑latent×𝑑𝑘  are projection matrices for 
head 𝑖, and 𝑊 𝑂 ∈ ℝ𝑑latent×𝑑latent  is the output projection matrix [65].

3.3.2.  Mixed decoder
The mixed decoder employs the same three architecture types 

for autoregressive sequence generation, with each decoder specialized 
for different aspects of temporal prediction. For target sequence 𝑦 ∈

ℝ𝐵×𝐿out×𝑑out  with output length 𝐿out and output dimension 𝑑out, the 
mixed decoder computation is: 
ℎdec =

∑

𝑖∈{1,2,3}
𝑤dec

𝑖 ⋅𝑖(𝑦, ℎenc, 𝑠𝑡−1) (61)

where  = {LSTMdec,GRUdec,Transformerdec} represents the decoder 
set, ℎenc is the encoder output, and 𝑠𝑡−1 denotes the previous decoder 
state (hidden state for RNNs or previous output for Transformers).

The decoder weights follow an identical temperature-controlled 
Gumbel softmax: 

𝑤dec
𝑖 =

exp((𝛼dec𝑖 + 𝑔𝑖)∕𝜏)
∑3

𝑗=1 exp((𝛼
dec
𝑗 + 𝑔𝑗 )∕𝜏)

(62)

where 𝛼dec𝑖 ∈ ℝ are learnable decoder architecture parameters that 
evolve independently from encoder selections, enabling asymmetric 
encoder-decoder combinations.

3.3.3.  Normalization and compatibility
To ensure compatibility between different architectures, the frame-

work implements an architecture normalization mechanism. Each en-
coder and decoder output is processed through architecture-specific pro-
jection layers: 

Normalize(ℎ, arch_type) =

{

𝑊rnnℎ + 𝑏rnn if arch_type ∈ {LSTM,GRU}
𝑊transℎ + 𝑏trans if arch_type = Transformer

(63)

where 𝑊rnn,𝑊trans ∈ ℝ𝑑latent×𝑑latent  are learnable projection matrices and 
𝑏rnn, 𝑏trans ∈ ℝ𝑑latent  are bias vectors.

Hidden states from different architectures are normalized through 
Layer Normalization before blending: 
StateNorm(𝑠) =

𝑠 − 𝜇
√

𝜎2 + 𝜖
⊙ 𝛾 + 𝛽 (64)

where 𝜇 and 𝜎2 are the mean and variance of 𝑠, 𝜖 = 10−6 ensures numer-
ical stability, and 𝛾, 𝛽 ∈ ℝ𝑑latent  are learnable parameters.

3.3.4.  Temperature annealing and architecture selection
The temperature parameter 𝜏 controls the exploration-exploitation 

balance during training through an adaptive annealing schedule with 
multiple strategies. The scheduler implements a two-phase approach: 
an initial warmup period followed by progressive temperature decay.

During the warmup phase (first 𝑒𝑤 = 5 epochs), the temperature 
is maintained at the initial value 𝜏0 = 2.0 to ensure sufficient explo-
ration of the architecture space before architecture weights begin to 
converge [69,70]. After warmup, the temperature evolves according to 
the normalized training progress 𝑝 = 𝑒−𝑒𝑤

𝐸−𝑒𝑤
, where 𝑒 is the current epoch, 

𝑒𝑤 is the warmup period, and 𝐸 is the total number of training epochs. 
The scheduler supports multiple annealing strategies:

Cosine annealing [71]: 

𝜏𝑒 = 𝜏min +
𝜏0 − 𝜏min

2
(1 + cos(𝜋𝑝)) (65)

Exponential decay: 

𝜏𝑒 = 𝜏0 ⋅ exp
(

ln(𝜏min∕𝜏0)
𝐸 − 𝑒𝑤

⋅ (𝑒 − 𝑒𝑤)
)

(66)

Linear decay: 
𝜏𝑒 = 𝜏0 − (𝜏0 − 𝜏min) ⋅ 𝑝 (67)

Step decay: 

𝜏𝑒 =

⎧

⎪

⎨

⎪

⎩

𝜏0 if 𝑝 < 0.3
0.5𝜏0 if 0.3 ≤ 𝑝 < 0.7
𝜏min if 𝑝 ≥ 0.7

(68)

where 𝜏min = 0.1 is the minimum temperature threshold enforced across 
all strategies [72,73].
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High temperatures (𝜏 > 1) encourage uniform weight distributions 
across architecture components, promoting exploration of diverse com-
binations [74]. Low temperatures (𝜏 < 1) induce sharper distributions, 
facilitating convergence toward specific architectures [75]. The cosine 
schedule provides smooth, gradual transitions and is commonly used as 
the default strategy due to its stable convergence properties and ability 
to escape local minima [71].

During final architecture derivation, the framework can either main-
tain the mixed approach with learned weights or derive discrete archi-
tectures by selecting dominant components:
Encoder∗ = argmax

𝑖
𝑤enc

𝑖 (69)

Decoder∗ = argmax
𝑖

𝑤dec
𝑖 (70)

3.4.  Cross-attention bridge mechanism

Fig. 3 presents the cross-attention bridge mechanism showing multi-
head attention with temporal bias and adaptive gating between en-
coder and decoder representations. The framework incorporates a uni-
fied cross-attention bridge that enables learnable information flow be-
tween encoder and decoder representations. This mechanism addresses 
limitations in traditional encoder-decoder architectures where informa-
tion transfer is constrained to simple hidden state passing or basic at-
tention mechanisms.

3.4.1.  Multi-head cross-attention with temporal bias
The core attention mechanism extends standard multi-head atten-

tion with learnable temporal bias to capture sequence-dependent rela-
tionships specific to time series forecasting: 

Attention(𝑄,𝐾, 𝑉 ) = softmax

(

𝑄𝐾𝑇
√

𝑑𝑘
+ 𝐵temporal

)

𝑉 (71)

where 𝑄 ∈ ℝ𝐵×𝐿𝑞×𝑑𝑘  represents decoder queries derived from current 
decoder states, 𝐾, 𝑉 ∈ ℝ𝐵×𝐿enc×𝑑𝑘  represent encoder keys and values, 
and 𝐵temporal ∈ ℝ𝐿𝑞×𝐿enc  constitutes a learnable temporal bias matrix.

The temporal bias matrix captures task-specific temporal relation-
ships beyond standard positional encodings: 

𝐵temporal[𝑖, 𝑗] = 𝛼dist ⋅ exp

(

−
|𝑖 − 𝑗|2

2𝜎2dist

)

+ 𝛽recency ⋅ 𝕀[𝑗 ≤ 𝑖] (72)

where 𝛼dist, 𝛽recency ∈ ℝ are learnable parameters, 𝜎dist controls the tem-
poral distance sensitivity, and 𝕀[⋅] is the indicator function providing 
causal bias for forecasting.

For multi-head attention with 𝐻 heads, each head ℎ ∈ {1,… ,𝐻}
maintains its own temporal bias matrix 𝐵ℎ ∈ ℝ𝐿𝑞×𝐿enc , enabling special-
ization for different temporal relationships: 
headℎ = Attention(𝑄𝑊 𝑄

ℎ , 𝐾𝑊 𝐾
ℎ , 𝑉 𝑊 𝑉

ℎ , 𝐵ℎ) (73)

3.4.2.  Learnable attention configuration selection
The framework implements an attention bridge selection mechanism 

that determines optimal attention layer configurations. Rather than fix-
ing the attention architecture, the system learns to weight different con-
figurations, including direct bypass: 

𝑤attn
𝑖 =

exp((𝛼attn𝑖 + 𝑔𝑖)∕𝜏)
∑𝐿max

𝑗=0 exp((𝛼attn𝑗 + 𝑔𝑗 )∕𝜏)
(74)

where 𝐿max denotes the maximum number of attention layers, 𝛼attn𝑖 ∈ ℝ
are learnable architecture parameters for attention layer 𝑖, and 𝑤attn

0
corresponds to the "no attention" option.

The attention bridge output combines multiple configurations:

AttentionBridge(𝑄,𝐾, 𝑉 ) = 𝑤attn
0 ⋅𝑄 +

𝐿max
∑

𝑖=1
𝑤attn

𝑖

⋅ AttentionLayer𝑖(𝑄,𝐾, 𝑉 ) (75)

where the first term provides direct bypass when attention is not bene-
ficial.

3.4.3.  Adaptive architecture integration
The cross-attention bridge adapts its operation based on the active 

encoder-decoder combination through mode-specific query, key, and 
value generation:

For RNN-style architectures operating in sequential mode:
𝑄𝑡 = 𝑊 rnn

𝑄 ℎdec,𝑡 + 𝑏rnn𝑄 (76)

𝐾 = 𝑊 rnn
𝐾 𝐻enc + 𝑏rnn𝐾 , 𝑉 = 𝑊 rnn

𝑉 𝐻enc + 𝑏rnn𝑉 (77)

where ℎdec,𝑡 ∈ ℝ𝐵×1×𝑑latent  is the decoder hidden state at timestep 
𝑡, 𝐻enc ∈ ℝ𝐵×𝐿×𝑑latent  contains encoder hidden sequences, and 
𝑊 rnn

𝑄 ,𝑊 rnn
𝐾 ,𝑊 rnn

𝑉 ∈ ℝ𝑑𝑘×𝑑latent  are mode-specific projection matrices.
For Transformer-style architectures operating in parallel mode:

𝑄 = 𝑊 trans
𝑄 𝐻dec + 𝑏trans𝑄 (78)

𝐾 = 𝑊 trans
𝐾 𝐻enc + 𝑏trans𝐾 , 𝑉 = 𝑊 trans

𝑉 𝐻enc + 𝑏trans𝑉 (79)

where 𝐻dec ∈ ℝ𝐵×𝐿𝑞×𝑑latent  represents the full decoder sequence.

3.4.4.  Gated information fusion
The attention bridge incorporates a gating mechanism to control the 

balance between attention-based and direct information flow:
Gate(ℎdec, ℎattended) = 𝜎(𝑊𝑔[ℎdec;ℎattended + 𝑏𝑔) (80)

ℎoutput = 𝑔 ⊙ ℎattended + (1 − 𝑔)⊙ ℎdec (81)

where 𝑔 ∈ ℝ𝐵×𝐿𝑞×𝑑latent  is the gate activation, 𝑊𝑔 ∈ ℝ𝑑latent×2𝑑latent  is the 
gate projection matrix, 𝑏𝑔 ∈ ℝ𝑑latent  is the gate bias, and [ℎdec;ℎattended]
denotes concatenation.

3.4.5.  Computational optimizations
The framework implements several efficiency optimizations for the 

attention mechanism:
Attention Dropout and Regularization: 

AttentionDropout(scores) = Dropout

(

softmax

(

scores
√

𝑑𝑘

)

, 𝑝attn

)

(82)

where 𝑝attn is the attention dropout probability that promotes explo-
ration during training.

Gradient Scaling: To prevent gradient explosion in attention 
weights, the framework applies gradient scaling: 

∇scaled = min
(

1.0,
𝐶clip
‖∇‖2

)

⋅ ∇ (83)

where 𝐶clip = 1.0 is the clipping threshold and ‖ ⋅ ‖2 denotes the L2 
norm.

This cross-attention bridge mechanism enables the framework to 
learn optimal information flow patterns between encoder and decoder 
components while maintaining computational efficiency and architec-
tural flexibility across different sequence modeling paradigms.

3.5.  Zero-cost architecture evaluation metrics

The multi-fidelity framework leverages zero-cost metrics to estimate 
architecture performance potential without training, enabling efficient 
candidate screening in Phase 1. These metrics analyze properties observ-
able at initialization and provide computational proxies for architecture 
quality assessment. The metrics fall into four categories based on the 
network characteristics they evaluate: information flow, model expres-
sivity, optimization landscape properties, and architectural complexity.

Information Flow Metrics: These metrics assess how effectively sig-
nals propagate through network architectures, identifying potential is-
sues such as vanishing or exploding gradients before training begins. 
SynFlow [76] quantifies signal preservation by examining the interac-
tion between parameters and their gradients with respect to a synthetic 
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Fig. 4. Multi-fidelity search framework showing progressive candidate filtering through phases.

loss function computed on standardized dummy inputs. The metric eval-
uates network connectivity and gradient flow simultaneously: 

SynFlow(𝜃) =
𝐿
∑

𝑙=1

∑

𝑖,𝑗

|

|

|

|

|

|

𝜃𝑙𝑖,𝑗 ⋅
𝜕syn
𝜕𝜃𝑙𝑖,𝑗

|

|

|

|

|

|

(84)

where syn =
∑

𝑘 𝑧𝑘 represents the sum of network outputs when pro-
cessing inputs of all ones, with all parameters replaced by their absolute 
values to ensure positive signal flow. This synthetic setup isolates ar-
chitectural properties from data-specific characteristics, enabling pure 
connectivity assessment. The absolute value operation prevents cancel-
lation effects, and the product 𝜃𝑙𝑖,𝑗 ⋅

𝜕syn
𝜕𝜃𝑙𝑖,𝑗

 captures both the parameter 
magnitude and its influence on the loss function.

Gradient Signal Preservation (GraSP) [77] evaluates gradient flow 
preservation through the relationship between parameters and their loss 
sensitivities, focusing on the preservation of gradient information during 
backpropagation: 
GraSP(𝜃) =

∑

𝑖,𝑗
𝜃𝑖,𝑗 ⋅𝑖,𝑗 (85)

where 𝑖,𝑗 =
𝜕2

𝜕𝜃𝑖,𝑗𝜕
≈ 𝜕

𝜕𝜃𝑖,𝑗
‖

‖

∇𝜃‖‖ approximates the Hessian-gradient 
product that characterizes how parameter changes affect gradient mag-
nitude. This metric identifies architectures that maintain stable gradient 
flow, which is particularly important for deep networks and complex 
temporal dependencies in time series models.

Model Expressivity Metrics: These metrics assess the architectural 
capacity to represent complex functions and distinguish between differ-
ent input patterns, providing insights into the model’s representational 
power. Neural Architecture Search Without Training (NASWOT) [78] 
analyzes activation pattern diversity across different input samples to 
estimate the network’s capacity for complex function representation: 

NASWOT(𝜃) =
𝐿
∑

𝑙=1
rank(𝐊𝑙) + 𝜆(𝐊𝑙)max (86)

where 𝐊𝑙 = sign(𝐀𝑙) ⋅ sign(𝐀𝑙)𝑇  represents the kernel matrix constructed 
from binarized activations 𝐀𝑙 ∈ ℝ𝐵×𝐻 𝑙  at layer 𝑙, with 𝐵 representing 
batch size and 𝐻 𝑙 the number of hidden units. The rank of 𝐊𝑙 quantifies 
the linear independence of activation patterns, while 𝜆(𝐊𝑙)max denotes 
the largest eigenvalue providing spectral information. Higher ranks in-
dicate greater capacity to represent diverse input-output mappings. The 
sign operation creates binary activation patterns that capture the essen-

tial switching behavior of neural networks while remaining computa-
tionally tractable.

JacobCov [78] measures the covariance of Jacobian matrices to as-
sess how diversely the network responds to input variations, providing 
insights into the model’s sensitivity and discriminative capacity: 

JacobCov(𝜃) =
1
𝑛

𝑛
∑

𝑖=1
𝐻
(

𝜆
(

𝐉𝑖𝐉𝑇𝑖
))

(87)

where 𝐉𝑖,𝑗,𝑘 = 𝜕𝜃 (𝐗)𝑖,𝑗
𝜕𝐗𝑖,𝑘

 represents the Jacobian matrix capturing output 
sensitivity to input changes for sample 𝑖, output dimension 𝑗, and in-
put feature 𝑘. The function 𝐻(𝜆(⋅)) computes the entropy of the eigen-
value spectrum 𝜆 of the covariance matrix 𝐉𝑖𝐉𝑇𝑖 , where higher entropy 
indicates more balanced sensitivity across different input dimensions. 
For computational efficiency, this is approximated using Hutchinson’s 
method: 

JacobCov(𝜃) ≈ log
(

𝔼𝑣

[

‖

‖

‖

∇𝐱
(

𝐟𝑇 𝐯
)

‖

‖

‖

2
]

+ 𝜖
)

(88)

where 𝐯 is a random vector and the expectation approximates the trace 
of the Jacobian covariance matrix [79].

Zen-NAS [80] evaluates network expressivity through signal-to-noise 
ratio analysis of ReLU activations, measuring the network’s ability to 
maintain meaningful signal patterns: 

Zen-NAS(𝜃) =
1
||

∑

𝑟∈

𝜇2
𝑟

𝜎2𝑟 + 𝜖
(89)

where  represents the set of ReLU-like activation layers, 𝜇𝑟 and 𝜎𝑟 are 
the mean and standard deviation of activations in layer 𝑟, and 𝜖 is a small 
constant for numerical stability. Higher signal-to-noise ratios indicate 
better capacity for feature discrimination and representation learning.

Optimization Landscape Metrics: These metrics analyze properties 
related to training dynamics and optimization behavior, providing in-
sights into the ease of training and convergence characteristics. Fisher 
Information [81] assesses the curvature of the loss landscape around the 
initialization point, providing insights into parameter sensitivity and op-
timization difficulty: 
Fisher(𝜃) =

∑

𝑖,𝑗
𝐅𝑖,𝑗 (90)

where the Fisher Information Matrix is defined as 𝐅 =
𝔼𝐱,𝐲

[

∇𝜃 log 𝑝(𝐲|𝐱, 𝜃)∇𝜃 log 𝑝(𝐲|𝐱, 𝜃)𝑇
]

, characterizing the expected 
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squared gradient of the log-likelihood. High Fisher information indi-
cates steep loss landscapes that may lead to optimization difficulties, 
while moderate values suggest more trainable architectures. For time 
series forecasting, this metric helps identify architectures that balance 
model capacity with optimization stability.

Single-shot Network Pruning (SNIP) [82] evaluates parameter im-
portance through loss sensitivity analysis, measuring how much each 
parameter contributes to the loss function at initialization: 

SNIP(𝜃) =
∑

𝑖,𝑗

|

|

|

|

|

𝜃𝑖,𝑗 ⋅
𝜕
𝜕𝜃𝑖,𝑗

|

|

|

|

|

(91)

This metric quantifies the connection strength between parameters and 
loss function, where larger values indicate parameters that significantly 
impact model performance. The absolute value ensures positive con-
tributions, and the product 𝜃𝑖,𝑗 ⋅ 𝜕

𝜕𝜃𝑖,𝑗
 captures both parameter magni-

tude and gradient information. Architectures with well-distributed SNIP 
scores typically exhibit better trainability and parameter utilization.

Weight Conditioning [83] measures numerical stability through the 
condition numbers of weight matrices, identifying potential optimiza-
tion difficulties due to ill-conditioned transformations: 

Weight_Cond(𝜃) =
1
||

||
∑

𝑙=1
𝜅(𝐖𝑙) (92)

where 𝜅(𝐖𝑙) = 𝜎max(𝐖𝑙 )
𝜎min(𝐖𝑙)  represents the condition number of weight ma-

trix 𝐖𝑙 at layer 𝑙, computed as the ratio of maximum to minimum sin-
gular values. Lower condition numbers indicate more stable numerical 
transformations that facilitate gradient-based optimization, while ex-
tremely high condition numbers can lead to training instabilities and 
convergence difficulties.

Sensitivity Analysis [84] measures the network’s responsiveness to 
input perturbations and parameter changes, providing insights into op-
timization stability: 

Sensitivity(𝜃) = ‖

‖

∇𝐱‖‖2 +
1
|Θ|

∑

𝜃∈Θ

|

|

|

|

𝜕
𝜕𝜃

|

|

|

|

(93)

where the first term captures input sensitivity through gradient norms, 
and the second term measures parameter sensitivity averaged across all 
trainable parameters Θ. This metric identifies architectures that main-
tain appropriate sensitivity levels for effective learning while avoiding 
excessive instability.

Architectural Complexity Metrics: These metrics quantify the com-
putational and structural complexity of network architectures, provid-
ing essential constraints for practical deployment.

Parameter Count measures the total number of trainable parameters 
in the network: 

Params(𝜃) =
𝐿
∑

𝑙=1
|𝜃𝑙| (94)

where |𝜃𝑙| represents the number of parameters in layer 𝑙. This metric 
provides a direct measure of model complexity and memory require-
ments, serving as a constraint in resource-limited environments.

Floating Point Operations Per Second (FLOPS) estimates the compu-
tational cost of a single forward pass: FLOPS(𝜃) =

∑𝐿
𝑙=1 ops

𝑙 , where 
ops𝑙 represents the number of floating-point operations required for 
layer 𝑙. For convolutional layers, this includes kernel operations mul-
tiplied by output spatial dimensions, while for linear layers, it encom-
passes matrix multiplication operations. This metric provides insights 
into inference time and computational resource requirements.

Adaptive Normalization and Aggregation: The final aggregate 
score combines all metrics through weighted summation with adaptive 
normalization to handle different metric scales and dynamic ranges: 

Aggregate(𝜃) =
∑

𝑚∈
𝑤𝑚 ⋅ Normalize(𝑚(𝜃)) (95)

Table 1 
Zero-cost architecture evaluation metrics for candidate screening.
 Metric  Category  Property Evaluated  Norm.
 SynFlow  Info Flow  Signal preservation through gradients  Log
 GraSP  Info Flow  Gradient stability and weight sensitivity  Log
 NASWOT  Expressivity  Activation diversity (kernel rank + spectrum)  [0,1]
 JacobCov  Expressivity  Jacobian spectrum entropy (Hutchinson)  [0,1]
 Zen-NAS  Expressivity  ReLU signal-to-noise ratio  [0,1]
 Fisher  Opt. Landscape  Loss curvature and sharpness  Log
 SNIP  Opt. Landscape  Parameter importance via gradients  Log
 Weight_Cond  Opt. Landscape  Weight matrix condition number  Log
 Sensitivity  Opt. Landscape  Input/parameter gradient sensitivity  [0,1]
 Params  Complexity  Total trainable parameter count  Log
 FLOPS  Complexity  Floating-point operations per forward pass  Log
 Aggregate  Combined  Weighted sum of all metrics  Adaptive

where the normalization function adapts to metric characteristics: 

Normalize(𝑥) =
⎧

⎪

⎨

⎪

⎩

log(𝑥+𝜖)−𝜇log
𝜎log

for unbounded metrics
𝑥−𝑥min

𝑥max−𝑥min
for bounded metrics

(96)

Logarithmic normalization applies to metrics with large dynamic ranges 
(SynFlow, SNIP, Weight_Cond, Params, FLOPS), using population statis-
tics 𝜇log and 𝜎log computed across candidate architectures. Range nor-
malization handles bounded metrics (NASWOT, JacobCov, Zen-NAS), 
ensuring all metrics contribute equally to the final assessment. The 
weights 𝑤𝑚 can be either uniform or learned through meta-optimization 
on validation datasets, enabling adaptation to specific forecasting tasks 
and data characteristics (see Table 1).

3.6.  Multi-fidelity architecture search framework

The framework employs a multi-fidelity search strategy that ef-
ficiently allocates computational resources across candidate architec-
tures through progressive filtering. Fig. 4 illustrates the five phases of 
our method, which are (1) parallel candidate generation, (2) zero-cost 
screening, (3) bilevel optimization training, (4) architecture derivation, 
and (5) final training. The search operates through these phases with 
increasing computational cost and decreasing candidate pool size.

Algorithm 2 presents the multi-fidelity architecture search frame-
work. This algorithm is designed to efficiently discover high-performing 
neural architectures by combining low-cost heuristics and high-fidelity 
optimization. In Phase 1, a diverse set of candidate architectures is sam-
pled and evaluated using zero-cost proxies, which are aggregated into 
a score for rapid filtering. Phase 2 selects the top-K architectures based 
on these scores.

In Phase 3, each candidate undergoes bilevel optimization: archi-
tecture parameters are periodically updated using validation loss while 
model weights are trained on the training set, with additional mecha-
nisms such as temperature scheduling and noise injection to maintain 
search diversity and robustness. The best-performing discrete architec-
ture from these trials is selected in Phase 4 based on validation perfor-
mance. Finally, Phase 5 performs full training of the chosen architecture 
using advanced optimization techniques to produce the final model. This 
framework balances exploration and exploitation across fidelity levels to 
optimize architecture search efficiency and performance. Each of these 
phases is explained in this subsection in detail.

3.6.1.  Phase 1: Candidate generation and zero-cost evaluation
A diverse set of 𝑁0 candidate architectures is sampled through ran-

domized configuration selection from the joint space of operations and 
hyperparameters: 
0 = {Sample(,) ∣ 𝑖 = 1,… , 𝑁0} (97)

where  represents the operation space and  denotes the hyperpa-
rameter space including latent dimensions 𝑑latent ∈ {64, 128, 256}, cell 
numbers 𝑁cells ∈ {2, 3, 4}, and node configurations 𝑁nodes ∈ {2, 3, 4}.
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Algorithm 2: Multi-fidelity architecture search framework.
Input : train,val,test; Search parameters: 𝑁0, 𝐾1, 𝑇search, 𝑇final
Output: Optimized architecture 𝑎∗ and trained model 𝜃∗
// Phase 1: Parallel Candidate Generation & Zero-Cost 

Screening
0 ← ∅;
for 𝑖 = 1 to 𝑁0 do in parallel

𝑎𝑖 ← Sample( ×) ; // Sample from operation and 
hyperparameter space

𝑠𝑖 ←
∑

𝑚∈ 𝑤𝑚 ⋅ Normalize(ZeroCostEval(𝑎𝑖, 𝑚)) ; // Aggregate 
zero-cost score

0 ← 0 ∪ {(𝑎𝑖, 𝑠𝑖)};
end 
// Phase 2: Top-K Selection
1 ← TopK(0, 𝐾1) based on scores 𝑠𝑖;
// Phase 3: Bilevel Optimization Training
2 ← ∅;
for (𝑎, 𝑠) ∈ 1 do

𝛼, 𝜃 ← Initialize(𝑎);
for 𝑡 = 1 to 𝑇search do

// Architecture parameter updates on validation 
set

if 𝑡 ≥ 𝑇warmup and 𝑡 mod 𝑓arch = 0 then
arch ← val(𝛼, 𝜃) +arch(𝛼);
𝛼 ← 𝛼 − 𝜂𝛼∇𝛼arch;

end 
// Model weight updates on training set
train ← 𝔼(𝑥,𝑦)∼train

[𝓁(𝑓 (𝑥; 𝛼, 𝜃), 𝑦)];
𝜃 ← 𝜃 − 𝜂𝜃∇𝜃train;
// Dynamic regulation
𝜏(𝑡) ← TemperatureSchedule(𝑡, 𝑇search);

end 
𝑎derived ← DeriveArchitecture(𝛼) ; // Extract discrete 

architecture
𝑣 ← Evaluate(𝑎derived,val);
2 ← 2 ∪ {(𝑎derived, 𝑣)};

end 
// Phase 4: Best Architecture Selection
𝑎∗ ← argmin𝑎{𝑣 ∶ (𝑎, 𝑣) ∈ 2};
// Phase 5: Final Training with Advanced Optimization
𝜃∗ ← FinalTrain(𝑎∗,train,val, 𝑇final);
return (𝑎∗, 𝜃∗);

Each candidate undergoes zero-cost metric evaluation using analyti-
cal proxies that assess architecture quality without training. The aggre-
gate score combines multiple metrics through weighted summation: 
𝑠𝑖 =

∑

𝑚∈
𝑤𝑚 ⋅ Normalize(𝑚(𝑎𝑖)) (98)

where  = {SynFlow,GraSP,NASWOT, JacobCov, Fisher, SNIP} and 
𝑤𝑚 are empirically determined weights: 𝑤SynFlow = 0.25, 𝑤GraSP = 0.15, 
𝑤NASWOT = 0.20, 𝑤JacobCov = 0.15, 𝑤Fisher = 0.15, 𝑤SNIP = 0.10.

3.6.2.  Phase 2: candidate selection
The top 𝐾1 = ⌊0.2 ×𝑁0⌋ candidates are retained based on their ag-

gregate scores: 
1 = {𝑎𝑖 ∈ 0 ∣ rank(𝑠𝑖) ≤ 𝐾1} (99)

3.6.3.  Phase 3: bilevel optimization training
Selected candidates undergo abbreviated DARTS training using a 

bilevel optimization framework that alternates between architecture pa-
rameter updates on validation data and network weight optimization on 
training data. The bilevel problem is formulated as:

min
𝛼

val(𝛼, 𝜃∗(𝛼)) +arch(𝛼) (100)

subject to 𝜃∗(𝛼) = argmin
𝜃

train(𝛼, 𝜃) (101)

where 𝛼 represents architecture parameters, 𝜃 denotes network weights, 
and arch(𝛼) is the architecture regularization term.

Alternating Optimization Strategy: The framework implements al-
ternating updates within each training epoch:
𝛼(𝑡+1) = 𝛼(𝑡) − 𝜂𝛼∇𝛼

[

val(𝛼(𝑡), 𝜃(𝑡)) +arch(𝛼(𝑡))
]

(102)

𝜃(𝑡+1) = 𝜃(𝑡) − 𝜂𝜃∇𝜃train(𝛼(𝑡), 𝜃(𝑡)) (103)

with learning rates 𝜂𝛼 = 3 × 10−4 and 𝜂𝜃 = 1 × 10−3.
Data Partitioning: Training data is split into disjoint sets to prevent 

overfitting: 
train = model ∪arch, |model| = 0.7|train|, |arch| = 0.3|train|

(104)

Architecture Regularization: The regularization term incorporates 
multiple components with dynamic weighting to address distinct aspects 
of architecture search stability [85–87]: 
arch(𝛼) = 𝜆(𝑡)1 entropy(𝛼) + 𝜆2identity(𝛼) + 𝜆(𝑡)3 smooth(𝛼) + 𝜆(𝑡)4 balance(𝛼)

(105)

where the regularization components are defined as:
entropy(𝛼) = −

∑

𝑒,𝑘
𝑝𝑒,𝑘 log 𝑝𝑒,𝑘, 𝜆(𝑡)1 = 0.1 ⋅ (1 − 𝑡∕𝑇 ) (106)

identity(𝛼) =
∑

𝑒
max(0, 𝑝(𝑒)identity − 0.5)2, 𝜆2 = 0.2 (107)

smooth(𝛼) =
1
|𝐸|

∑

𝑒
‖𝛼(𝑒)𝑡 − 𝛼(𝑒)𝑡−1‖

2
2, 𝜆(𝑡)3 = 0.05 ⋅ (𝑡∕𝑇 ) (108)

balance(𝛼) = Var({
∑

𝑒
𝑝𝑒,𝑘 ∣ 𝑘 ∈ }), 𝜆(𝑡)4 = 0.1 ⋅max(0, 1 − 2𝑡∕𝑇 ) (109)

where 𝑝𝑒,𝑘 represents the probability of operation 𝑘 on edge 𝑒, 𝑇  is the 
total number of training epochs, and Var(⋅) denotes variance. The en-
tropy regularization with decreasing weight 𝜆(𝑡)1  encourages exploration 
early in training before converging to sparse solutions [85,88,89]. The 
identity regularization with 𝜆2 = 0.2 mitigates the unfair advantage of 
parameter-free skip connections [86,87]. The smoothness regulariza-
tion with increasing weight 𝜆(𝑡)3  promotes gradual architecture parame-
ter evolution [90,91]. The balance regularization with early emphasis 
via 𝜆(𝑡)4  harmonizes operation selection across different edges [87,92].

Optimization Techniques: The training incorporates several stabil-
ity enhancements:

• Mixed Precision: Automatic mixed precision with GradScaler for 
acceleration

• Gradient Clipping: Maximum norms of 3.0 for architecture param-
eters and 5.0 for network weights

• Separate Optimizers: Adam for architecture parameters (𝛽1 =
0.5, 𝛽2 = 0.999) and AdamW for network weights (weight decay 10−4)

• Learning Rate Scheduling: Cosine annealing for architecture pa-
rameters and OneCycle for network weights

3.6.4.  Phase 4: architecture derivation and validation
Discrete architectures are extracted from trained models by selecting 

dominant operations: 
𝑜(𝑖,𝑗) = argmax

𝑜∈
𝛼(𝑖,𝑗)𝑜 (110)

where 𝛼(𝑖,𝑗)𝑜  represents the weight of operation 𝑜 on edge (𝑖, 𝑗). Each de-
rived architecture undergoes validation evaluation to determine final 
performance ranking.

3.6.5.  Phase 5: final training
The best-performing candidate from Phase 4 receives full training 

with advanced optimization techniques: 
𝜃∗ = argmin

𝜃
train(𝑎∗, 𝜃;train) (111)

Results in Engineering 29 (2026) 109716 

12 



L.O. Seman et al.

Fig. 5. Decomposition of time series into trend and residual components using 𝓁1 trend filtering.

Fig. 6. Distribution of architecture configurations among top candidates (C = 
cells, N = nodes, H = hidden dimension).

where 𝑎∗ represents the optimal architecture. The training incorporates:
Stochastic Weight Averaging (SWA): Beginning at epoch 

⌊0.33𝑇final⌋: 

𝜃SWA = 1
𝑛

𝑛
∑

𝑖=1
𝜃𝑖 (112)

where 𝑛 is the number of averaged checkpoints.
Advanced Scheduling: OneCycle learning rate scheduling with 

warmup period 0.3𝑇final and cosine annealing.

Regularization: Dropout, weight decay, and data augmentation for 
improved generalization.

3.6.6.  Regularization strategy
Algorithm 3 presents the architecture regularization strategy. This 

algorithm introduces a dynamic strategy to guide neural architecture 
search by enforcing regularization on architectural parameters. It com-
putes a composite regularization loss, arch(𝛼), by weighting four com-
ponents: entropy (to encourage exploration early on), identity penalty 
(to avoid overuse of identity operations), smoothness (to prevent abrupt 
changes in architecture parameters), and balance (to promote a diverse 
distribution of operations). These weights evolve across training epochs, 
gradually shifting emphasis from exploration to stability, enhancing the 
robustness and quality of the search process.

Algorithm 3: Architecture regularization.
Input : Architecture parameters 𝛼, current epoch 𝑡, total epochs 𝑇
Output: Regularization loss arch(𝛼)

// Dynamic Regularization Weight Computation
𝜆(𝑡)1 ← 0.1 ⋅ (1 − 𝑡∕𝑇 ) ; // Entropy weight (decreasing)
𝜆2 ← 0.2 ; // Identity penalty (constant)

𝜆(𝑡)3 ← 0.05 ⋅ (𝑡∕𝑇 ) ; // Smoothness weight (increasing)

𝜆(𝑡)4 ← 0.1 ⋅max(0, 1 − 2𝑡∕𝑇 ) ; // Balance weight (early training)
// Regularization Component Computation
entropy ← −

∑

𝑒,𝑘 𝑝𝑒,𝑘 log 𝑝𝑒,𝑘 where 𝑝𝑒,𝑘 = softmax(𝛼(𝑒)
𝑘 );

identity ←
∑

𝑒 max(0, 𝑝(𝑒)identity − 0.5)2;

smooth ← 1
|𝐸|

∑

𝑒 ‖𝛼
(𝑒)
𝑡 − 𝛼(𝑒)

𝑡−1‖
2
2 ; // If 𝑡 > 1

balance ← Var
({

∑

𝑒 𝑝𝑒,𝑘 ∣ 𝑘 ∈ 
})

;
// Aggregate Regularization
arch ← 𝜆(𝑡)1 entropy + 𝜆2identity + 𝜆(𝑡)3 smooth + 𝜆(𝑡)4 balance;
return arch;

3.6.7.  Computational complexity analysis
The multi-fidelity approach significantly reduces computational cost 

compared to full training of all candidates. Let 𝐶zero, 𝐶darts, and 𝐶full rep-
resent the costs of zero-cost evaluation, DARTS training, and full training 
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Fig. 7. Zero-cost metric score versus hidden dimension (top) and candidate distribution by operation count (bottom). Marker size corresponds to cell count; color 
intensity represents operation count.

respectively. The total computational cost is: 
𝐶total = 𝑁0 ⋅ 𝐶zero +𝐾1 ⋅ 𝐶darts + 𝐶full (113)

With typical values 𝑁0 = 1000, 𝐾1 = 200, 𝐶zero ≪ 𝐶darts ≪ 𝐶full, this ap-
proach achieves significant speedup over exhaustive search while main-
taining high-quality architecture discovery.

3.7.  Model integration and evaluation

The DARTS model integrates all components within an encoder-
decoder architecture optimized for forecasting. The model enables end-
to-end learning of both neural architecture and forecasting parameters 
through joint optimization of architectural weights and network param-
eters.

Evaluation employs standard forecasting metrics:

MAE = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (114)

MSE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (115)

RMSE =
√

MSE (116)

R2 = 1 −
𝑆𝑆res
𝑆𝑆tot

(117)

where 𝑆𝑆res =
∑

𝑖(𝑦𝑖 − 𝑦̂𝑖)2 and 𝑆𝑆tot =
∑

𝑖(𝑦𝑖 − 𝑦̄)2.
The DARTS framework provides a foundation for automatically dis-

covering optimal time series forecasting architectures while maintaining 
computational efficiency and architectural diversity through compre-
hensive regularization mechanisms.

3.8.  Dataset description

To simulate salt contamination accumulating over time on insulator 
surfaces, six insulators were installed in a saline chamber. An 8.66 kV 
RMS, 60 Hz voltage was applied to all insulators in the same phase, 
while the salt concentration was gradually increased. This voltage level 

follows the NBR 10,621 (Brazilian National standard), which is analo-
gous to IEC 60,507 [93], and is employed by the electrical power util-
ity to determine insulator performance under artificial pollution for the 
15 kV class in power grids. The insulator that withstood the application 
of high voltage for the longest time was considered in this study.

A LabVIEW-based interface was developed to monitor and record 
the applied voltage and the resulting leakage current. Each insulator 
was individually grounded, allowing measurement of the leakage cur-
rent through a shunt resistor. Among the six insulators, two did not 
flash over, and their leakage current values were recorded until the 
end of the experiment. The remaining insulators were monitored only 
until surface breakdown occurred. The experiments were conducted 
at the High Voltage Laboratory of the Regional University of Blume-
nau (FURB), in Blumenau, SC, Brazil. To enable comparisons with fu-
ture work, the dataset is publicly available at: https://github.com/
SFStefenon/LeakageCurrent (accessed on February 09, 2026).

The experiment recorded 96,816 measurements of the leakage cur-
rent of the evaluated insulators with a sampling rate of 1 second, cor-
responding to a total of 26 hours, 53 minutes, and 36 seconds of anal-
ysis. Considering that the focus of the analysis is to evaluate the sig-
nal variation trend, a downsample of 100 samples was used to reduce 
computational complexity, resulting in 968 records to be analyzed. For 
comparative analyses, 80% of the data was used to train the model and 
20% for testing, with this division focused on predicting the increase in 
leakage current that precedes a failure (in the testing phase), which is 
the last 20% of the data in relation to the time window used.

4.  Results and discussion

This section presents empirical results for the proposed multi-scale 
neural architecture, encompassing both the architecture search process 
and downstream forecasting performance. We begin by describing the 
preprocessing pipeline used to isolate trend and residual components in 
the time series data. Subsequently, we analyze the design space explored 
during neural architecture search, examining relationships between ar-
chitectural parameters and zero-cost evaluation metrics. We provide 
a systematic assessment of the search process, including operation 
frequency distributions, computational cost-accuracy trade-offs, and
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Fig. 8. Selection frequencies for encoder cells, decoder cells, and attention mechanisms among top-ranked candidates.

Fig. 9. Mean validation loss of derived architectures across the bilevel learning-
rate grid. Circles denote top-10 configurations; the star indicates the best-
performing setting.

comparative benchmarking against established forecasting models. Fi-
nally, we evaluate the sensitivity of the search procedure to initialization 
conditions and hyperparameter selection.

All experiments were conducted in Python using the foreblocks
library, an open-source time-series forecasting framework1. The soft-
ware stack used PyTorch 2.1.0, executed on a Linux workstation (Gen-
too, emerge-based environment) with zsh as the default shell. The 
hardware platform comprises an Intel Core i9-14900K CPU (32 logi-
cal threads, up to 6.0GHz), an NVIDIA GeForce RTX 4090 GPU, and 
32GiB of system memory (RAM). Unless stated otherwise, all reported 
timings (e.g., wall-clock runtime per search phase) were measured on 
this same machine to ensure reproducibility and consistent performance
comparisons.

1 https://github.com/lseman/foreblocks

4.1.  Signal preprocessing: trend extraction and detrending

Given a univariate time series 𝑦 ∈ ℝ𝑛, we extract a smooth trend 
component 𝑥 ∈ ℝ𝑛 such that the residual 𝑟 = 𝑦 − 𝑥 captures local fluctu-
ations or non-trend variations. We adopt a variational approach based 
on second-order total variation regularization, commonly referred to as 
𝓁1 trend filtering. Fig. 5 illustrates this decomposition, comparing the 
original signal with the estimated trend and residual components.

The trend is estimated by solving the convex optimization problem: 

min
𝑥∈ℝ𝑛

{1
2
‖𝑦 − 𝑥‖22 + 𝜆‖𝐷(2)𝑥‖1

}

, (118)

where 𝜆 > 0 controls the trade-off between fidelity to the original sig-
nal and smoothness of the estimated trend. The operator 𝐷(2) ∈ ℝ(𝑛−2)×𝑛

represents the discrete second-order difference matrix, defined such that 
(𝐷(2)𝑥)𝑡 = 𝑥𝑡 − 2𝑥𝑡+1 + 𝑥𝑡+2 for 𝑡 = 1,… , 𝑛 − 2. The regularization term 
‖𝐷(2)𝑥‖1 penalizes abrupt changes in the second derivative of the trend, 
favoring piecewise linear solutions. This formulation approximates sig-
nals exhibiting multiple structural changes or non-smooth long-term 
trends.

To enhance robustness against outliers or impulsive noise, we re-
place the squared loss term with the Huber loss function 𝜌𝛿(⋅), which 
interpolates between 𝓁2 and 𝓁1 penalties depending on residual magni-
tude: 

min
𝑥∈ℝ𝑛

{ 𝑛
∑

𝑡=1
𝜌𝛿(𝑦𝑡 − 𝑥𝑡) + 𝜆‖𝐷(2)𝑥‖1

}

, (119)

where 𝜌𝛿(𝑢) = 1
2 𝑢

2 for |𝑢| ≤ 𝛿, and 𝜌𝛿(𝑢) = 𝛿(|𝑢| − 1
2 𝛿) otherwise. This 

formulation reduces sensitivity to extreme deviations while maintaining 
smooth behavior for small residuals.

Both formulations yield convex optimization problems solved nu-
merically using the OSQP solver via the cvxpy framework. The de-
trended signal is obtained as 𝑟 = 𝑦 − 𝑥, isolating short-term variations 
after trend subtraction.

4.2.  Architecture search space analysis

We investigate a neural architecture search strategy guided by zero-
cost metrics (ZCMs) for sequence-to-sequence forecasting. The search 
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Fig. 10. Seed-level variability for top-performing learning-rate configurations. Points represent individual runs; bars show mean ± standard deviation.

space comprises 100 candidate architectures varying in depth (num-
ber of cells), width (hidden units), operation types, and recurrent cell 
choices. Based on aggregated ZCM scores, we select 5 top-ranked can-
didates for full training and evaluation.

4.2.1.  Architectural configuration distribution
Fig. 6 presents the most frequently sampled architectural configura-

tions. The majority of top-performing candidates belong to the 2-cell, 2-
to-4-node, and 64-128 hidden unit families, which dominate the Pareto 
frontier between model complexity and zero-cost scores.

Notably, single-cell configurations are underrepresented among top-
ranked candidates despite their lower parameter counts. This observa-
tion suggests that ZCM-guided selection implicitly favors architectures 
with sufficient representational capacity, potentially penalizing models 
unable to capture intermediate feature abstractions.

4.2.2.  Search space landscape and zero-cost metric distribution
Fig. 7 visualizes the landscape of ZCM scores as a function of hid-

den dimension and architectural layout, where marker size represents 
cell count and color indicates operation count. While ZCM scores gener-
ally scale with hidden dimension, several compact architectures achieve 
competitive scores, indicating that the metrics capture architectural 
quality beyond mere parameter count.

The lower panel reveals that models with 6-9 operations concentrate 
in the high-scoring region, suggesting an optimal balance between ar-
chitectural diversity and model parsimony. Beyond this range, increas-
ing operation count yields diminishing returns in zero-cost performance 
indicators.

4.2.3.  Encoder-decoder architecture preferences
Fig. 8 presents the selection frequency for encoder and decoder cell 

types among trained architectures. LSTM cells dominate both encoder 
and decoder positions, appearing in 60% of top candidates.

Lightweight Transformer variants, while present in the initial can-
didate pool, are absent from the final selection. This outcome likely re-
flects two factors: (i) zero-cost metrics may underestimate the long-term 
dependency modeling capabilities of attention-based encoders, particu-
larly for evaluation signals computed from limited data samples, and 
(ii) LSTM architectures demonstrate higher compatibility with short-
sequence forecasting tasks through their inherent gating mechanisms, 
which provide more favorable gradient properties during the zero-cost 
evaluation phase.

Furthermore, all trained candidates incorporate attention bridges at 
layer 0, indicating that explicit cross-timestep context mechanisms im-
prove performance even within predominantly recurrent architectures. 
This pattern suggests that hybrid approaches combining recurrent pro-
cessing with selective attention may offer advantages for sequence-to-
sequence forecasting.

4.3.  Bilevel optimization: Learning rate sensitivity

In bilevel optimization-based neural architecture search, two learn-
ing rates govern the optimization dynamics: the model learning rate 𝜂𝑤, 
which updates network weights in the inner loop, and the architecture 
learning rate 𝜂𝛼 , which updates continuous architecture parameters in 
the outer loop. The interaction between 𝜂𝑤 and 𝜂𝛼 affects optimization 
stability, convergence speed, and final architecture quality. We conduct 
a systematic sensitivity analysis to characterize the robustness of our 
hyperparameter selection.

We evaluate a grid of learning-rate pairs:
𝜂𝑤 ∈ {10−4, 3×10−4, 10−3, 3×10−3}, 𝜂𝛼 ∈ {3×10−4, 10−3, 3×10−3, 10−2}.

For each configuration, the DARTS search phase is executed for a fixed 
number of epochs across multiple random seeds. The final discrete ar-
chitecture is derived from the continuous relaxation and evaluated on a 
validation set.

Fig. 9 presents mean validation loss of derived architectures across 
the learning-rate grid, with darker regions indicating lower (superior) 
loss values. The top-10 configurations are highlighted, and the optimal 
pair is marked with a star.

Performance varies systematically across the grid. Extremely small 
𝜂𝑤 values paired with large 𝜂𝛼 degrade performance, likely due to in-
sufficient weight adaptation relative to architecture parameter updates. 
Conversely, intermediate-to-high 𝜂𝑤 values (e.g., 10−3 to 3 × 10−3) com-
bined with moderate 𝜂𝛼 yield consistently favorable results.

The optimal region spans a contiguous neighborhood rather than an 
isolated point, indicating that the selected learning rates reside in a sta-
ble basin of the objective landscape. This observation supports the ro-
bustness of our hyperparameter choices and suggests that precise tuning 
is not strictly necessary within this regime.

To assess reproducibility, Fig. 10 visualizes per-seed validation losses 
for top-performing learning-rate configurations. Each point corresponds 
to an independent random seed; horizontal bars indicate mean ± stan-
dard deviation.
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Fig. 11. Pearson correlation matrix between architectural parameters and zero-cost metrics.

The results demonstrate low variance across seeds for top config-
urations, confirming that performance improvements are not artifacts 
of favorable initialization. Standard deviations remain small relative to 
mean performance, indicating consistent optimization behavior across 
independent runs.

These analyses reveal: (i) bilevel optimization exhibits structured 
sensitivity patterns rather than chaotic instability; (ii) excessively large 
𝜂𝛼 can destabilize architecture search when not paired with sufficient 
𝜂𝑤; (iii) moderate-to-high 𝜂𝑤 values improve convergence of inner-loop 
weight updates, stabilizing architecture gradient estimates; and (iv) the 
selected configuration resides within a robust region rather than at un-
stable boundaries.

4.4.  Zero-cost metric analysis

4.4.1.  Correlational structure of architectural components and metrics
Fig. 11 presents Pearson correlations between architectural compo-

nents and zero-cost metrics.
Several patterns emerge from the correlation analysis:

• Hidden dimension exhibits strong correlation with aggregate ZCM 
score (𝑟 = 0.961) and moderate correlation with individual metrics 
(e.g., NASWOT 𝑟 = 0.76, Synflow 𝑟 = 0.57).

• Operation count correlates with both parameter count and validation 
loss (𝑟 = 0.800), suggesting potential over-parameterization in high-
operation-count architectures.

• Operation types show weak to moderate correlations with individ-
ual metrics (e.g., Fourier operations 𝑟 = 0.27 with Synflow), indicat-

ing limited macro-level influence but potentially significant micro-
architectural effects.

4.4.2.  Distribution characteristics of zero-cost metrics
Fig. 12 displays the distributions of ZCM values across all candidate 

architectures.
Several metrics, including Synflow, NASWOT, and Jacobian trace, 

exhibit clear stratification between low- and high-performing candi-
dates, providing discriminative power for architecture ranking. In con-
trast, metrics such as Grasp and Fisher demonstrate narrower value 
ranges with reduced discriminatory capacity in this search space. The 
aggregate ZCM score, constructed as a weighted combination of indi-
vidual metrics, exhibits a wider dynamic range, enhancing candidate 
separation.

4.4.3.  Metric importance and ranking stability
We analyze the sensitivity of architecture ranking to aggregation 

weight selection through complementary approaches: leave-one-out ab-
lation and weight perturbation analysis.

Fig. 13 presents the leave-one-out importance analysis. Removing 
NASWOT from the metric ensemble substantially alters both global 
ranking (Spearman 𝜌 = 0.43) and top-k selection (20% overlap with 
baseline). In contrast, removing any other individual metric yields rank-
ings nearly identical to the baseline (𝜌 ≈ 1.0, 100% top-k overlap).

The Jacobian-based metric contributes minimally but non-negligibly 
(Δ𝜌 ≈ 0.01), whereas gradient-based metrics (GRASP, SNIP, SynFlow, 
Fisher), complexity metrics (FLOPs, parameters), and conditioning-
related metrics (sensitivity, zennas) exhibit complete redundancy within 
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Fig. 12. Violin plots of zero-cost metric distributions across all candidates. Values are normalized for comparative visualization.

Fig. 13. Leave-one-out importance analysis quantifying ranking degradation 
(measured as 1 − 𝜌Spearman) when each metric is excluded. NASWOT demon-
strates dominant importance (Δ𝜌 = 0.57), while gradient-based and complexity 
metrics exhibit strong redundancy (Δ𝜌 < 0.02).

the ensemble. This pattern indicates that NASWOT provides comple-
mentary structural information-specifically, trainability signals derived 
from input-output Jacobian properties-not captured by gradient norms 
or architectural complexity alone. Fig. 14 examines ranking stability 
across different weight assignment schemes.

Candidate rankings remain consistent across baseline weighting, uni-
form weights, and random perturbations (rand_00 through rand_05), 
with most candidates maintaining similar rank positions. Subset-based 

schemes that isolate specific metric families (gradient-only, activation-
only, complexity-only) introduce moderate rank variations, particularly 
for mid-tier candidates (IDs 2, 9, 5), while top-performing candidates 
(IDs 4, 17, 8) remain stable. The subset_no_penalties and subset_pos_only 
schemes, which exclude regularization terms, produce the largest per-
turbations.

These findings demonstrate that the aggregation approach exhibits 
robustness to exact weighting coefficients-most metrics serve support-
ing roles rather than driving selection-yet NASWOT remains critical for 
accurate architecture ranking. The ensemble design leverages metric re-
dundancy to achieve stable rankings while relying on NASWOT’s unique 
contribution to differentiate high-quality architectures.

4.4.4.  Operation-level analysis
Fig. 15 provides a detailed view of operation usage across sam-

pled and trained architectures. Temporal convolutions, ConvMixer, and 
residual MLPs appear frequently in both sampled and trained models. 
However, performance impact analysis reveals that certain operations 
(e.g., GRN, PyramidConv) contribute negligibly or negatively to down-
stream validation loss. The architectural complexity histogram confirms 
that most candidates contain 6-10 operations, reinforcing the balance 
between expressive capacity and overfitting risk.

4.4.5.  Predictive power of zero-cost metrics
Fig. 16 assesses the relationship between ZCM scores and training 

outcomes. Candidates in the top ZCM quartile exhibit a 20% training 
success rate, while all other quartiles fail to produce viable models. 
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Fig. 14. Stability of candidate rankings across weight perturbation schemes. Each row represents a candidate (ordered by baseline ranking); each column represents 
a weighting configuration. Color intensity indicates rank position (darker indicates superior rank). Top-performing candidates maintain stability across schemes, 
while mid-tier candidates exhibit moderate sensitivity.

Fig. 15. Operation-level analysis: usage frequency (top), performance impact (middle), and architectural complexity distribution (bottom).
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Fig. 16. Distribution of zero-cost scores (top) and training success rates by score quartile (bottom).

Fig. 17. Accuracy-efficiency trade-off across evaluated models. The ZCM-selected architecture (red star) achieves the best MSE with competitive training time, 
occupying the Pareto-optimal region. State-of-the-art transformer models (TFT, PatchTST) form a secondary frontier with comparable accuracy but increased com-
putational cost. Legacy transformers (Informer, Autoformer, FEDformer) exhibit poor performance for this short-horizon forecasting task. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 18. Architecture topology of the selected model derived from ZCM-guided search.

Table 2 
Performance comparison during ZCM-guided architecture selec-
tion. Phase 3 reports validation metrics for top-5 candidates iden-
tified by zero-cost screening; phase 5 reports final test perfor-
mance after full training.
 Candidate  Parameters  Val. Loss  MSE  MAE
 Phase 3: Candidate Evaluation
 1  378  0.000056  0.000701  0.022205
 2  858  0.000047  0.001967  0.037774
 3  202  0.000059  0.000171  0.010728
 4  146  0.000014  0.000194  0.011905
 5  1410  0.000047  0.000200  0.010721
 Phase 5: Final Model Performance
 Selected  378  0.000009  0.000018  0.002439

This result supports the utility of ZCMs for early-stage architecture prun-
ing, substantially reducing computational costs by avoiding full training 
of unpromising candidates. The bimodal distribution of scores among 
trained models indicates that false positives (high ZCM scores with poor 
validation performance) remain a challenge, suggesting opportunities 
for refinement of the metric aggregation strategy.

4.5.  Comparative performance evaluation

Table 2 summarizes the ZCM-guided selection process across two 
phases. Phase 3 employs zero-cost proxy metrics to screen the archi-
tectural search space and identify promising candidates. While Candi-
date 4 achieves the lowest validation loss at this stage (Val. Loss = 
0.000014), the final selection considers architectural complexity, pa-
rameter efficiency, and expected generalization capacity after full opti-
mization. This process selects Candidate 1, which balances competitive 
early-stage performance with architectural parsimony (378 parameters).

After full training (Phase 5), the selected architecture achieves test 
MSE of 1.8 × 10−5 and MAE of 2.439 × 10−3, representing substantial im-
provement over its Phase 3 validation metrics. This behavior under-
scores the importance of considering learning dynamics and general-
ization potential beyond early-stage validation performance.

To assess the effectiveness of the ZCM-guided architecture search, we 
compare the selected model against a comprehensive set of baselines 
spanning traditional sequence-to-sequence models, Transformer-based 
forecasting architectures, and specialized time series methods. Table 3 
presents results for 20 baseline models evaluated under identical exper-
imental conditions (input sequence length, forecast horizon, data pre-
processing, and evaluation protocol).

The ZCM-selected architecture achieves the lowest MSE (0.000018) 
and MAE (0.002439) among all evaluated models, demonstrating com-
petitive performance against both traditional architectures and recent 
state-of-the-art forecasting methods. Several patterns emerge from the 
comparative analysis:

4.5.1.  State-of-the-art transformer models
Among Transformer-based architectures, Temporal Fusion Trans-

former (TFT) [94] and PatchTST [95] demonstrate strong perfor-
mance, achieving MSE values of 0.000019 and 0.000023, respectively. 
TFT incorporates variable selection networks and multi-head attention 
mechanisms specifically designed for multi-horizon forecasting, while 
PatchTST leverages patch-based tokenization and channel independence 
to capture local temporal patterns efficiently. The selected architecture 
outperforms both models, indicating that the ZCM-guided search suc-
cessfully identified an effective architectural configuration that matches 
or exceeds task-specific designs.

Recent variants such as TimeMixer [96], TimeXer [97], and iTrans-
former [98] introduce specialized mechanisms for temporal mixing, 
cross-variate modeling, and inverted attention patterns. While these 
architectures demonstrate reasonable performance (MSE: 0.000030-
0.000040), they underperform relative to simpler approaches on this 
dataset, suggesting that their design choices may be better suited for 
multivariate forecasting scenarios with complex cross-series dependen-
cies.

Earlier Transformer variants (Informer [20], Autoformer [19], 
FEDformer [99]) exhibit substantially degraded performance (MSE: 
0.026-0.077), likely due to suboptimal attention mechanisms and 
insufficient adaptation to univariate industrial time series charac-
teristics. These models were primarily designed for long-sequence 
forecasting with large receptive fields, which may introduce un-
necessary complexity for the 24-hour forecast horizon considered
here.

4.5.2.  Recurrent neural networks
Standard GRU and LSTM architectures achieve competitive results 

(MSE: 0.000027 and 0.000036), demonstrating the continued effective-
ness of recurrent models for short-horizon forecasting. The performance 
gap between vanilla RNNs and the baseline seq2seq variants (LSTM + 
Attention: MSE = 0.000044) indicates that encoder-decoder structures 
with attention mechanisms provide marginal benefits. The ZCM-selected 
architecture bridges this gap by automatically incorporating LSTM cells 
with optimized attention mechanisms (as shown in Fig. 8), achieving 
superior accuracy without manual architectural design.
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Table 3 
Comprehensive performance comparison on the Insulator 1 dataset. All models use identical input/output 
configurations (168-hour lookback, 24-hour forecast horizon). Metrics computed on the test set. Models are 
grouped by architectural family and sorted by MSE within each group.
 Family  Model  RMSE  MSE  MAE  MAPE (%)  Time (s)
 ZCM-Guided Architecture (Proposed)
 NAS Selected Architecture  0.004243  0.000018  0.002439  196.45  0.165
 Transformer-Based Forecasting Models
 Transformer  TFT  0.004353  0.000019  0.002794  225.48  0.379
 Transformer  PatchTST  0.004753  0.000023  0.002702  265.59  0.199
 Transformer  TimeMixer  0.005448  0.000030  0.003512  360.43  0.247
 Transformer  TimeXer  0.005949  0.000035  0.004657  587.82  0.272
 Transformer  TimesNet  0.006169  0.000038  0.004291  292.03  0.642
 Transformer  iTransformer  0.006327  0.000040  0.004663  439.79  0.221
 Transformer  VanillaTransformer  0.161807  0.026181  0.146512  19766.44  0.307
 Transformer  Autoformer  0.189624  0.035957  0.138764  16639.02  0.565
 Transformer  FEDformer  0.252021  0.063515  0.221554  27554.95  0.885
 Transformer  Informer  0.277360  0.076929  0.205444  25626.87  0.617
 Recurrent Neural Networks
 RNN  GRU  0.005241  0.000027  0.003158  240.71  0.174
 RNN  LSTM  0.006036  0.000036  0.004825  555.49  0.186
 RNN  Seq2Seq LSTM (baseline)  0.007071  0.000050  0.005508  —  0.620
 RNN  Seq2Seq GRU (baseline)  0.006856  0.000047  0.005462  —  0.560
 RNN  LSTM + Attention (baseline)  0.006633  0.000044  0.005201  —  0.600
 Convolutional and Graph-Based Models
 CNN/Graph  TCN  0.007284  0.000053  0.005445  746.36  0.172
 CNN/Graph  BiTCN  0.085642  0.007334  0.080104  9308.12  0.187
 CNN/Graph  StemGNN  0.006598  0.000044  0.005425  673.23  0.358
 Specialized Forecasting Architectures
 Specialized  NBEATS  0.009647  0.000093  0.008466  995.16  0.183
 Specialized  NBEATSx  0.009647  0.000093  0.008466  995.16  0.182
 Specialized  NHITS  0.013030  0.000170  0.010980  1326.43  0.205
 Specialized  DeepAR  0.022435  0.000503  0.021366  2650.75  0.421
 Specialized  TiDE  0.061285  0.003756  0.053444  6351.09  0.282

4.5.3.  Convolutional and specialized architectures
Temporal Convolutional Networks (TCN) achieve moderate perfor-

mance (MSE: 0.000053), while N-BEATS [100], a specialized architec-
ture based on backward and forward residual links, produces higher er-
rors (MSE: 0.000093). These results suggest that pure convolutional or 
residual-based approaches may struggle to capture the temporal depen-
dencies present in insulator current signals. DeepAR [101], a probabilis-
tic forecasting model, exhibits substantial degradation (MSE: 0.000503), 
indicating that the overhead of probabilistic modeling may not be justi-
fied for deterministic point forecasting in this context.

4.5.4.  Computational efficiency
Training time varies substantially across models (0.165-0.885 sec-

onds per epoch). The selected architecture achieves competitive in-
ference speed (0.165s), faster than most Transformer-based models 
(0.199-0.885s) and comparable to lightweight RNN variants (0.174-
0.186s). This efficiency advantage makes the approach suitable for de-
ployment in resource-constrained industrial monitoring systems where 
rapid model updates or retraining may be required.

The comparison highlights several advantages of the ZCM-guided 
approach:

1. Performance parity with task-specific architectures: The selected 
model achieves accuracy comparable to or exceeding specialized 
forecasting architectures (TFT, PatchTST) that incorporate domain-
specific inductive biases. This demonstrates that data-driven archi-
tecture search can discover effective configurations without relying 
on hand-crafted design patterns.

2. Competitive accuracy across metrics: The ZCM-selected architec-
ture achieves the best performance across multiple evaluation met-

rics (MSE, RMSE, MAE, MAPE), indicating robust predictive capabil-
ity rather than optimization for a single objective.

3. Robustness across architectural families: The selected model out-
performs representatives from multiple architectural families (Trans-
formers, RNNs, CNNs, specialized forecasting models), suggesting 
that the search process successfully navigated a diverse design space 
to identify a locally optimal configuration.

4. Reduced hyperparameter sensitivity: Unlike manually designed 
architectures that require extensive tuning of depth, width, atten-
tion heads, and other structural hyperparameters, the ZCM-guided 
approach automatically determines these choices based on zero-cost 
proxy metrics. This reduces the risk of suboptimal architectural de-
cisions that may arise from limited hyperparameter search budgets.

5. Efficient computational profile: The selected architecture achieves 
state-of-the-art accuracy while maintaining training times competi-
tive with lightweight models, demonstrating that the search process 
balanced multiple competing objectives effectively.

Fig. 17 visualizes the accuracy-efficiency trade-off across all evalu-
ated models. The ZCM-selected architecture occupies the Pareto-optimal 
region, simultaneously minimizing prediction error and training time. 
This positioning demonstrates that automated architecture search can 
discover configurations that would be difficult to identify through man-
ual design, particularly when balancing multiple competing objectives.

4.6.  Forecasting and error analysis

Fig. 18 presents the final selected architecture topology. Fig. 19 vi-
sualizes forecasting performance on the insulators 1 to 4. The predicted 
sequence tracks the true signal with low residual error and stable tran-
sitions across the forecast horizon.
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Fig. 19. Forecasting performance of the selected architecture across four insulators. In all cases, predicted values closely follow the ground truth dynamics, with 
deviations highlighted by the shaded error region between curves. The model preserves amplitude, trend behavior, and short-term fluctuations consistently across 
units.

Prediction errors concentrate at signal peaks, where greater variabil-
ity and non-linearities occur. This pattern is consistent with observations 
in related work, where filtering techniques mitigate peak-region errors. 
For example, Buratto et al. [102] employ the Christiano-Fitzgerald filter, 
while Branco et al. [103] apply the Christiano-Fitzgerald random walk 
filter. Wavelet transforms, implemented as network layers in Rodríguez 
et al. [104], represent another approach; notably, wavelet operations 

are included in our DARTS search space (Fig. 1), allowing data-driven 
selection of appropriate filtering mechanisms.

4.7.  Performance under cross-validation

To evaluate the generalization capability and robustness of the 
selected architecture, we adopt a repeated cross-validation strategy
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Fig. 20. Forecast error growth expressed as quantile bands aggregated across 
all cross-validation splits and random seeds. The light band shows the 10-90% 
range, the darker band highlights the interquartile range (25-75%), while solid 
and dashed lines indicate the median and mean absolute error, respectively. The 
gradual widening of the bands demonstrates controlled error accumulation over 
the 5-step forecast horizon.

using multiple random train/validation splits (80/20 ratio) combined 
with different random seeds for reproducibility. This approach allows 
us to quantify both average performance and variability across different 
data partitions, providing a more reliable assessment than a single-split 
evaluation.

Fig. 20 reveals a smooth and predictable increase in absolute error 
with forecast horizon. Median error grows approximately linearly from 
t+1 to t+5, while the interquartile range remains relatively stable until 
the last step, indicating consistent model behavior across most samples. 
The modest widening of the 10-90% envelope at longer horizons sug-
gests that extreme errors remain rare, which is desirable for industrial 
monitoring applications where large outliers can be particularly costly.

Fig. 21 provides a more detailed view of the error distributions. The 
violin shapes remain symmetric and compact for the first three steps, 
becoming slightly right-skewed at t+4 and t+5 due to a small number 
of larger errors. Importantly, the median (central line inside each box) 
increases only gradually, and the interquartile range expands modestly, 
confirming that the majority of predictions remain accurate even as un-
certainty naturally accumulates with longer horizons.

Finally, Fig. 22 quantifies overall performance robustness by show-
ing the distribution of MSE values computed on the held-out valida-
tion sets across all repeats. The tight interquartile range (approximately 
1.0 × 10−5 to 1.6 × 10−5) and absence of extreme outliers demonstrate 
that the ZCM-guided architecture consistently achieves strong predic-
tive accuracy regardless of the specific train/validation partition or ini-
tialization seed used.

4.8.  Sensitivity to operator pool initialization

A potential source of variability in neural architecture search stems 
from the initial operator pool  from which candidate architectures are 
sampled. To assess sensitivity to this initialization, we conduct a robust-
ness analysis over multiple randomly generated operator pools.

4.8.1.  Experimental protocol
Let  denote the full set of available operators. We sample 𝑃  dis-

tinct operator subsets 1,2,… ,𝑃 ⊆ , each serving as a constrained 
search space. For each pool 𝑝, we generate 𝑁 candidate architectures 
by sampling structural hyperparameters and selecting operators exclu-
sively from 𝑝.

Each candidate 𝑐 is evaluated using the zero-cost metric aggregation:

𝑆(𝑐) =
𝐾
∑

𝑘=1
𝑤𝑘 𝑓𝑘(𝑐),

where 𝑓𝑘(𝑐) denotes the 𝑘-th raw metric and 𝑤𝑘 represents the baseline 
aggregation weights. Candidates are ranked within each pool, and the 
top-𝐾 architectures are selected for comparison.

4.8.2.  Stability metrics
To quantify cross-pool robustness, we define for each architecture 

signature 𝜎:
• Top-𝐾 Frequency: Freq(𝜎) = ∑𝑃

𝑝=1 𝕀{𝜎 ∈ TopK(𝑝)}, indicating how 
often 𝜎 appears among top-𝐾 candidates.

• Average Rank: AvgRank(𝜎) = 1
𝑃𝜎

∑

𝑝∈𝜎
𝑟𝑝(𝜎), where 𝑟𝑝(𝜎) is the rank 

of 𝜎 in pool 𝑝, and 𝜎 denotes pools containing 𝜎.
• Worst-Case Rank: WorstRank(𝜎) = max𝑝∈𝜎

𝑟𝑝(𝜎).

4.8.3.  Results and interpretation
Fig. 23 displays rank distributions across operator pools for the most 

stable architecture signatures.
Two distinct behaviors emerge:

1. Several signatures exhibit near-constant rank distributions (median 
rank = 1, minimal variance), demonstrating strong robustness to 
operator pool perturbations.

2. Other signatures show higher interquartile ranges and occasional 
rank degradation, suggesting partial dependence on specific oper-
ator configurations.
The persistence of architectures maintaining top ranks across diverse 

operator pools indicates that the selection strategy does not overfit to 
particular initializations of . Instead, it consistently identifies high-
performing structural motifs that generalize across operator subsets.

Nevertheless, architectures with wider rank dispersion highlight that 
certain operator combinations may interact favorably only within spe-
cific pool contexts. This observation motivates future investigation of 
adaptive operator pruning strategies that reduce initialization variance 
while preserving search expressiveness. Additionally, incorporating do-
main knowledge to constrain the initial operator pool based on problem 
characteristics may improve consistency without sacrificing generality.

4.9.  Discussion

The experimental results demonstrate that zero-cost metric-guided 
neural architecture search can identify compact, high-performing mod-
els for time series forecasting while simplifying the model selection pro-
cess relative to manually designed architectures. Several key insights 
emerge from the analysis:

Architectural preferences: The search process consistently favors 
moderate-depth architectures (2 cells) with intermediate hidden dimen-
sions (64-128 units) and 6-9 operations. Single-cell architectures, de-
spite lower parameter counts, are underrepresented among top candi-
dates, suggesting that representational capacity requirements dominate 
efficiency considerations in the ZCM evaluation phase.

Metric complementarity: While multiple zero-cost metrics provide 
redundant information, NASWOT contributes uniquely to architecture 
ranking through trainability signals derived from Jacobian analysis. This 
finding suggests that ensemble-based metric aggregation should priori-
tize metrics capturing orthogonal aspects of architectural quality rather 
than merely averaging correlated indicators.

Bilevel optimization stability: The systematic sensitivity analysis 
reveals that bilevel optimization exhibits structured rather than chaotic 
hyperparameter dependence. The selected learning rates reside in a sta-
ble basin of the optimization landscape, reducing the risk of perfor-
mance degradation due to minor hyperparameter perturbations.

Operator pool robustness: Architecture rankings demonstrate par-
tial but not complete invariance to operator pool initialization. Top-
performing signatures maintain consistency across diverse pools, indi-
cating that the method discovers intrinsically strong patterns. However, 
mid-tier architectures show greater sensitivity, suggesting opportunities 
for adaptive pool refinement strategies.

Practical implications: The ZCM-guided approach achieves com-
petitive forecasting accuracy with minimal manual intervention, au-
tomatically determining architectural choices (LSTM vs. GRU, atten-
tion inclusion, operation types) that would otherwise require extensive 
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Fig. 21. Distribution of absolute forecast errors per horizon step, shown as violin plots overlaid with box plots. Data are aggregated across multiple train/validation 
splits and random seeds. The narrowing of the central box and decreasing density of outliers from t+1 to t+5 illustrate that the model maintains good calibration 
even at longer horizons, with only a moderate increase in dispersion.

Fig. 22. Box plot showing the spread of final mean squared error (MSE) values 
obtained across different data splits and random seeds. The narrow interquar-
tile range and limited outlier presence indicate high stability of the selected 
architecture under varying training conditions.

empirical validation. This automation reduces development time and 
domain-specific tuning, facilitating deployment across diverse forecast-
ing applications.

Practical Deployment Considerations: The proposed DARTS 
framework offers strong engineering feasibility for insulator monitor-
ing in high-voltage power grids, enabling predictive maintenance to 
avert flashovers. Inference speed supports real-time forecasting: The dis-
covered architectures, leveraging optimal mixed blocks (e.g., efficient 

Fig. 23. Rank distribution of top architecture signatures across randomly sam-
pled operator pools. Lower ranks indicate superior performance within a given 
pool.

GRU/LSTM and streamlined Transformer components via bilevel opti-
mization and zero-cost metrics), remain lightweight and process typi-
cal sequences with modest resources (50–200MB memory). This com-
patibility suits embedded edge devices like Raspberry Pi in resource-
constrained environments. The framework integrates seamlessly with 
existing IoT sensors and leakage current systems, facilitating hybrid 
proactive alerts without major retrofits. Given the lightweight optimal 
blocks, the network enables fast inference for real-time applications.
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Fig. 24. Wall-clock time breakdown of the multi-fidelity search procedure by 
phase. Phases that perform repeated candidate evaluation and training dominate 
the total runtime.

Future work can focus on quantization (e.g., INT8 or mixed-precision) 
to further minimize size, latency, and power use in remote deployments.

Limitations: The primary challenge remains false positive rates in 
zero-cost evaluation-20% success rate among top-ranked candidates in-
dicates room for improvement in proxy metric fidelity. Additionally, 
the method’s reliance on short evaluation sequences may underestimate 
long-term dependency modeling benefits of certain architectures (e.g., 
Transformers). Future work should explore multi-fidelity strategies that 
combine zero-cost proxies with limited full training to refine candidate 
selection while maintaining computational efficiency.

A practical limitation of the proposed pipeline is the wall-clock com-
putational cost of the multi-fidelity search procedure. To quantify this 
overhead, we instrumented the full search loop and recorded the elapsed 
(wall) time required by each phase (Fig. 24), considering 30 candidates 
and 8 top-k ones. In our implementation, Phase 1 (candidate genera-
tion and zero-cost screening) and Phase 3 (short DARTS training and 
derivation/evaluation for top-ranked candidates) dominate the runtime 
budget, whereas the selection steps (Phases 2 and 4) contribute negli-
gibly. This profile is expected because Phases 1 and 3 include repeated 
model instantiation, forward/backward passes, and validation evalua-
tion, which scale approximately linearly with the number of candidates 
and the number of training epochs, respectively.

Despite this limitation, the search procedure is amenable to par-
allel execution, particularly in Phase 1, where candidate evaluations 
are independent and can be scheduled concurrently. To illustrate the 
potential gains, Fig. 25 reports what-if wall-time estimates as a func-
tion of the number of workers, computed by replaying the empir-
ically observed per-candidate runtimes under an idealized parallel
scheduler.

The estimates show that increasing the worker count can substan-
tially reduce end-to-end screening time, with diminishing returns at 
higher levels of parallelism due to load imbalance (heterogeneous candi-
date runtimes) and practical overheads (e.g., Python scheduling, mem-
ory contention, and device synchronization).

Importantly, the achievable speedup depends on the computational 
backend. When zero-cost evaluation and short training phases are pre-
dominantly CPU-bound, thread-level parallelism can yield near-linear 
speedups until saturating core and memory bandwidth resources. Con-
versely, when the pipeline is GPU-bound, parallel candidate execution 
may be limited by device serialization and kernel scheduling, leading 
to weaker scaling. Therefore, while parallelism mitigates the computa-
tional cost, search-time remains a relevant constraint for large candi-
date pools, long horizons, or repeated runs across datasets. Future work 
will explore (i) early-stopping and adaptive budgeting strategies within 

Fig. 25. What-if wall-time estimates versus number of workers for phase 1 (par-
allelizable screening) and phase 3 (top-𝑘 training/derivation). The curves indi-
cate strong initial speedups and diminishing returns at larger worker counts.

Phase 3, (ii) stronger pruning of the candidate set using calibrated prox-
ies, and (iii) hybrid CPU/GPU scheduling to improve hardware utiliza-
tion and reduce wall time.

5.  Conclusion

This work presented a differentiable neural architecture search 
framework, leveraging zero-cost metrics, designed for time series fore-
casting in the context of high-voltage insulator monitoring. The pro-
posed approach integrates a mixed encoder-decoder architecture with 
LSTM, GRU, and Transformer modules, coupled via a novel cross-
attention bridge with learnable temporal bias. This design enables the 
model to adaptively select the most suitable components based on the 
input data, improving modeling flexibility.

To address the computational challenges commonly associated with 
neural architecture search, we introduced a multi-fidelity search strat-
egy that incorporates zero-cost evaluation metrics for rapid candidate 
screening. This combination allows for efficient exploration of the ar-
chitecture space without requiring full model training, significantly re-
ducing resource requirements while maintaining high performance.

Our experimental results on real-world leakage current datasets con-
firm that the discovered architectures outperform traditional manually 
designed baselines in fault forecasting. The models are able to capture 
complex temporal patterns and degradation behaviors that are critical 
for predictive maintenance in power systems.

Looking ahead, future research will explore the extension of this 
framework to multi-modal sensor data, cross-domain transferability of 
discovered architectures, and the incorporation of domain-specific in-
ductive biases. These directions aim to further enhance the scalability 
and generalization of differentiable neural architecture search methods 
for broader industrial forecasting applications.
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