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Abstract. Crop output changes as a result of the growing season's processes, which include the buildup of soil moisture and 
heat, radiation, irrigation, and canopy development. Although the majority of current prediction algorithms have improved 
yield prediction's numerical accuracy, they are not interpretable for seasonal fluctuations in sensor data. In this work, a multi-
source farmland sensor-based explainable seasonality-augmented Autoformer model for crop production prediction is 
presented. Determine long-range relationships using an autocorrelation technique, break down heterogeneous sensor 
sequences into trend, seasonal, and residual components, and calculate sensor-stage contributions for agronomic 
interpretation. To maintain all-weather mobility, separate long-term upward tendencies from transient changes in the 
structure. Prediction accuracy, the amount of the seasonal component, sensor influence, robustness to missing data, etc. 
are all assessed by experimental study. With an RMSE of 0.386 t/ha, an MAE of 0.304 t/ha, and an R2 of 0.917, the suggested 
model has a 13.4% lower RMSE than the standard Autoformer and a 20.2% lower RMSE than TCN. An Interpretable Long-
Sequence Crop Yield Prediction Model for Smart Agriculture. 
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Introduction 
Growers, cooperatives, and agricultural service platforms urgently need forward-looking projections for the 
planting season before the season ends, since crop output prediction has become a challenging issue in precision 
agriculture. In order to track variations in yield at the field and plot levels, a variety of farmland sensor sources 
continuously gather data on soil moisture, soil temperature, air temperature, humidity, radiation, rainfall, 
irrigation quantity, electrical conductivity, and canopy response [1]. Additionally, short-term stress events and 
cumulative growth circumstances in crops over time can be partially monitored by sensors [2]. Irrigation 
schedules, fertilizer plans, harvesting logistics, production risk management, etc. may all be arranged with this 
[3]. A delayed relationship between the environment and the ultimate yield that is not visible in the seasonal 
mean can be found if these signals are accurately modeled [4]. 

Due to non-linearity and seasonal and cumulative variations in crop growth, yield prediction based on sequences 
of agricultural sensor data is still technically difficult. After irrigation, changes in soil water can have an impact 
on canopy development a few days later, whereas radiation and heat buildup have a longer-term effect on 
biomass formation [5]. The temporal structure within a season is not taken into account by the majority of 
machine learning models, which rely on manually created features [6]. Recurrent models lack parallelism and 
are vulnerable to long-sequence deterioration, although they can manage sequence dependence [7]. Although 
temporal convolutional networks are rather simple, they often have tiny receptive fields and do not clearly 
distinguish between short-term variations and seasonal trends [8]. Although traditional attention is 
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computationally demanding and may introduce noise from periodic agricultural signals and sensor disruptions, 
transformer-based forecasting techniques enhance the model for long-range dependency [9]. 

In this study, we propose an interpretable seasonality-enhanced Autoformer model based on multi-source 
agricultural sensors for crop yield prediction. breaking down the sensor sequence into trend, seasonality, and 
residual components; using an autocorrelation mechanism to learn long-term crop-growth correlations; and 
calculating the contribution of sensor stages for agronomic interpretation. In order to ascertain the extent to 
which these seasonal sensor patterns impact the ultimate yield projection, we will first increase the accuracy of 
forecasts for off-season and off-field periods. 

Related Work 

Sensor-Based Crop Yield Prediction 

From statistical regression to machine learning and deep learning, data-driven agricultural yield prediction has 
developed. Today, it uses a wide range of data, including weather, soil, management techniques, and remote 
sensing data. A nonlinear model has been used to increase the forecast accuracy of environmental and 
management factor effects, according to the research [10]. Additionally, field-level variability and genotype-
environment-management interactions have been modeled using deep neural networks [11]. By collecting 
temporal and spatial crop-growth patterns from UAV or satellite photos, convolutional and remote-sensing 
models improve yield prediction [12]. Hybrid crop-model frameworks have integrated process knowledge with 
data-driven adaptation, and a large-scale forecasting system has demonstrated that machine learning can be 
used to monitor regional crop yields [13]. 

Temporal heterogeneity is the first issue with farmland sensor systems. Throughout the growth season, soil 
moisture, temperature, rainfall, radiation, and canopy response do not all affect yield at the same time or at the 
same rate [14]. Some are associated with flowering or grain filling, whereas others are associated with the early 
vegetative stage. Thus, in addition to summarizing variables into monthly or seasonal means, the temporal 
model for yield prediction should be able to monitor long-growing-season dependencies [15]. A strong temporal 
representation is required because multi-source sensing also introduces calibration drift, missing observations, 
and field-specific baselines [16]. 

Decomposition and Auto-Correlation Forecasting Models 

Recurrent neural networks are appropriate for temporal relationships, but they may be unstable or ineffective 
with lengthy sequences, according to research on long-sequence forecasting [17]. An architecture that can 
capture long-term trends and is quite easy to implement has been proposed by deep forecasting studies [18]. 
Although more flexible dependence modeling has been made possible by temporal fusion and Transformer-
based forecasting models, typical attention processes are computationally costly for lengthy agricultural 
sequences [19]. Temporal convolutional attention networks combine convolution with attention for multivariate 
series, while Informer lowers the attention complexity for long-sequence forecasting [20]. 

Decomposition will probably be utilized given the variations in crop development and other factors contributing 
to this discrepancy. Seasonal components show periodic or stage-related changes, residual components 
represent short-term stress events or sensor noise, and trend components indicate steady growth 
accumulations [21]. For this problem, an Autoformer-style architecture works well, and the temporal model can 
incorporate both autocorrelation and decomposition. Autocorrelation is more closely matched with the effects 
of repeated growth cycles and delayed sensor responses on crop production because it may group comparable 
sequences in time. 

Interpretability in Agricultural Time-Series Prediction 

The model's outcomes must be explicable since they will be utilized in farming to determine irrigation and 
fertilizer application. When making judgments that affect people's lives, the majority of research in general 
explainable artificial intelligence suggests using feature contribution and effect analysis to support black-box 
predictions [22]. Crop physiology and environmental stress parameters can be linked to agricultural data analysis 
prediction findings using interpretable machine learning [23]. In addition to identifying which sensors are utilized, 
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an explainable model for yield prediction should specify when these sensors are required throughout the growth 
cycle. 

Crop yield formation is dynamic throughout time, and the sole explanation tool now provided is a global ranking. 
Temperature influences the likelihood of flowering, radiation may limit development later in life, and soil 
moisture may limit the beginning of root growth [24]. Therefore, a single global importance score is not as 
informative as sensor-stage contribution. By separating seasonal components and linking autocorrelation-based 
temporal features to specific sensor groups and growth phases, Seasonality-enhanced Autoformer can 
accomplish this interpretation [25]. The non-linear threshold of soil moisture and thermal buildup can be 
displayed using a predictor-effect plot [26]. When model outputs are required to support operational decision-
making, tree-based explanation studies have demonstrated that local explanations can be combined into a 
global understanding [27]. Boosting and recurrent network-based yield prediction techniques have also 
demonstrated that accuracy and interpretability should be taken into account when comparing models [28]. For 
lengthy agricultural sequences, LSTM-based yield studies provide a useful recurrent baseline [29]. Additionally, 
cross-season generalization depends on the simultaneous representation of temporal and physical crop-growth 
data, as demonstrated by multi-source remote-sensing investigations [30]. 

Interpretable Seasonality-Enhanced Autoformer Model 

Seasonal Decomposition of Multi-Source Sensor Sequences 

The input sequence consists of daily aligned observations from soil, meteorological, irrigation, and canopy 
sensors. Each field plot is represented by a multivariate sequence from planting to pre-harvest. Missing values 
shorter than three intervals are reconstructed using reliability-aware interpolation, while longer gaps are 
marked by an observation mask. The aligned sequence is denoted as X with length L and sensor dimension C. 

𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 = 𝑚𝑚𝑖𝑖, 𝑡𝑡𝑥𝑥𝑖𝑖 , 𝑡𝑡 + (1 −𝑚𝑚𝑖𝑖 , 𝑡𝑡)(𝜌𝜌𝑖𝑖 , 𝑡𝑡𝑥𝑥𝑖𝑖 , 𝑡𝑡 − 1 + (1 − 𝜌𝜌𝑖𝑖 , 𝑡𝑡)𝑥𝑥𝑖𝑖 , 𝑡𝑡 + 1) Eq.(1) 
Here, 𝑥̃𝑥𝑖𝑖 , 𝑡𝑡 is the reconstructed value of sensor 𝑖𝑖 at time 𝑡𝑡,𝑚𝑚𝑖𝑖 , 𝑡𝑡 is the observation mask, and 𝜌𝜌𝑖𝑖 , 𝑡𝑡 is a reliability 
coefficient estimated from gap length and local signal stability. This design prevents missing records from being 
interpreted as real low sensor values. 

𝑋𝑋 = 𝑇𝑇 + 𝑆𝑆 + 𝑅𝑅 Eq.(2) 
Stable environmental conditions and cumulative crop development make up the trend component T. Thermal 
buildup, irrigation cycles, and canopy expansion all contribute to the stage-related periodicity known as the 
seasonal component S. A rainstorm shock, sensor noise, or a local management event are examples of abrupt 
changes in the remainder R. 

𝑇𝑇𝑡𝑡 = Σ𝑟𝑟𝜔𝜔𝑟𝑟𝑋𝑋𝑡𝑡−𝑟𝑟 Eq.(3) 
The weights 𝜔𝜔𝜔𝜔 are constrained to be nonnegative and sum to one, so the trend remains smooth and physically 
interpretable. In the implementation, the effective window covers 15 daily observations, which balances short-
term noise suppression and growth-stage sensitivity. 

𝑆̂𝑆𝑡𝑡 = 𝑆𝑆𝑡𝑡 ⋅ sigmoid(𝑎𝑎𝑎𝑎𝑎𝑎𝐷𝐷𝑡𝑡 + 𝑏𝑏𝑞𝑞𝑡𝑡) Eq.(4) 
Figure 1 presents the multi-source seasonal decomposition framework. It is placed here because decomposition 
defines how raw farmland sensing records are transformed before entering the Autoformer encoder. 
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Figure 1. Interpretable seasonality-enhanced Autoformer framework for crop yield prediction 

Auto-Correlation Dependency Learning and Temporal Reconstruction 

After the components are separated via decomposition, an autocorrelation dependency learning module 
receives both seasonality and residuals. Unlike point-wise self-attention, autocorrelation is a system that 
discovers similar temporal subsequences and aggregates them based on periodic relationships. Because the 
growth response will be the same under identical conditions at different periods of the year, crop yield 
prediction can be done in this manner. 

𝐶𝐶(𝜏𝜏) = 1/𝐿𝐿 ⋅ Σ𝑡𝑡𝑄𝑄𝑡𝑡𝐾𝐾𝑡𝑡−𝜏𝜏 Eq.(5) 
The autocorrelation score 𝐶𝐶(𝜏𝜏) measures the dependency between the current query sequence and a delayed 
key sequence under lag 𝜏𝜏. Large scores indicate that the model has identified a repeated growth-response 
pattern or delayed sensor-yield relationship. 

𝑍𝑍𝑡𝑡 = Σ𝜏𝜏 ∈ TopK(𝐶𝐶)softmax(𝐶𝐶(𝜏𝜏))𝑉𝑉𝑡𝑡−𝜏𝜏 Eq.(6) 
This aggregation allows the model to connect rainfall-irrigation events with later canopy response or connect 
heat stress during flowering with final yield loss. It also reduces unnecessary dependence on isolated noisy points. 

𝐻𝐻𝑡𝑡𝑙𝑙 =  Layer 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁(𝐻𝐻𝑡𝑡𝑙𝑙−1 + 𝑍𝑍𝑡𝑡𝑙𝑙 + 𝛾𝛾𝑙𝑙𝑇𝑇𝑡𝑡) Eq.(7) 
The coefficient 𝛾𝛾 l controls how strongly trend information enters each layer. Early layers preserve local sensor 
variations, while deeper layers emphasize long-range seasonal patterns. 

𝑅𝑅‾𝑡𝑡 = 𝑅𝑅𝑡𝑡 ⋅ sigmoid�𝑊𝑊𝑊𝑊(𝑅𝑅𝑡𝑡;𝑞𝑞𝑡𝑡;𝐺𝐺𝐺𝐺𝐷𝐷𝑡𝑡)� Eq.(8) 

The reconstructed temporal representation is obtained by combining trend, enhanced seasonal information, 
and gated residual response. This representation is then used for yield regression and sensor-stage explanation. 

𝑌𝑌𝑡𝑡 = 𝑇𝑇𝑡𝑡 + 𝑍𝑍𝑡𝑡 + 𝑅𝑅‾𝑡𝑡 Eq.(9) 
The autocorrelation module is computationally more efficient than dense self-attention because it aggregates 
selected lags rather than all pairwise time points. For a sequence length of 150 days, the proposed model 
uses k = 6 dominant lags and reduces encoder memory consumption by 37.5% compared with the standard 
Transformer baseline. 

The yield regression module and sensor-stage contribution calculation are depicted in Figure 2. Following 
temporal reconstruction, a figure is presented to show how seasonal dependency learning relates to the final 
prediction and interpretation. 
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Figure 2. Sensor-stage contribution estimation and yield regression module 

Sensor-Stage Contribution-Guided Yield Regression 

The reconstructed temporal representation is summarized by a stage-aware pooling operation. Growth stages 
are divided according to accumulated growing degree days rather than calendar date, which improves cross-
season transfer when temperature accumulation differs. 

𝑢𝑢𝑘𝑘 = Σ𝑡𝑡 ∈ 𝐺𝐺𝑘𝑘𝛼𝛼𝑡𝑡𝑌𝑌𝑡𝑡  Eq.(10) 
Here, Gk is the kth growth-stage interval and 𝛼𝛼 t is a learned temporal weight. The vector uk represents the 
seasonally reconstructed sensor response during a specific crop-growth period. 

Ω𝑖𝑖 , 𝑘𝑘 =  mean 𝑡𝑡 ∈ 𝐺𝐺𝑘𝑘|𝜕𝜕𝑦̂𝑦/𝜕𝜕𝑋𝑋𝑖𝑖 , 𝑡𝑡| ⋅ �𝑆̂𝑆𝑖𝑖 , 𝑡𝑡� Eq.(11) 

A high Ωi, k indicates that sensor i strongly influences prediction during growth stage k through seasonally 
meaningful variation. This score can be used to explain whether soil moisture, radiation, temperature, or canopy 
response dominates yield estimation. 

𝑦̂𝑦 = 𝑤𝑤𝑦𝑦𝑇𝑇𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑊𝑊𝑊𝑊(𝑢𝑢1;𝑢𝑢2;𝑢𝑢3;𝑢𝑢4) + 𝑏𝑏𝑏𝑏) + 𝑏𝑏𝑏𝑏 Eq.(12) 
The training objective combines robust yield regression error, seasonal reconstruction consistency, and 
contribution smoothness. The regression term reduces the influence of abnormal yield records caused by local 
management disturbance. 

𝐿𝐿𝐿𝐿 = 1/𝑁𝑁 ⋅ Σ𝑛𝑛log(1 + (𝑦𝑦𝑛𝑛 − 𝑦̂𝑦𝑛𝑛)2/𝜏𝜏2) Eq.(13) 
Seasonal reconstruction consistency constrains the decomposed components to preserve the original sequence 
while preventing the seasonal branch from absorbing long-term trend. Contribution smoothness reduces abrupt 
importance changes across adjacent growth stages unless the data contain strong evidence of stage transition. 

𝐿𝐿 = 𝐿𝐿𝐿𝐿 + 𝛽𝛽1𝐿𝐿𝐿𝐿 + 𝛽𝛽2𝐿𝐿𝐿𝐿 Eq.(14) 
With 1.24 million parameters, the suggested model is less than the experiment's typical Transformer baseline 
but larger than a compact TCN. The design is intended for agricultural edge gateways and field-level servers, and 
long-sequence interpretability is needed instead of a limited number of parameters. 
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Experimental Results and Comparative Analysis 

Yield Prediction Accuracy Across Baselines 

For the trial, 1,920 plot-season samples were gathered from five farming areas and the three crop seasons. The 
final grain production in tonnes per hectare is the prediction aim, and each sample includes daily sequences of 
data from the soil, weather, irrigation, and canopy sensors. Field blocks comprise the 70% training set, 15% 
validation set, and 15% test set. Random forest, XGBoost, LSTM, GRU, TCN, Transformer, and conventional 
Autoformer are the baselines. RMSE, MAE, R2 parameter count, and average inference latency are the 
evaluation's indications [31]. 

The overall forecast comparison is shown in Figure 3. The suggested model has an R2 of 0.917, an MAE of 0.304 
t/ha, and an RMSE of 0.386 t/ha, as seen in Figure 3(a). TCN and LSTM have RMSEs of 0.484 and 0.532 t/ha, 
respectively, while Standard Autoformer has an RMSE of 0.446 t/ha. The anticipated and observed yield values 
are compared in Figure 3(b), and 89.1% of the test samples fall within an error range of ±0.55 t/ha. The growth-
stage error distribution is displayed in Figure 3(c). It is evident that the suggested model improves sensitive-
period modeling by reducing the reproductive-stage error by 18.6% when compared to the standard Autoformer 
[32]. 

 
Figure 3. Yield prediction accuracy comparison across baseline models. (a) Overall RMSE, MAE, and R2 comparison. (b) Predicted-yield and 

observed-yield scatter distribution. (c) Growth-stage error distribution among baseline models. 
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The increase results from the separation of a short-term sensor fluctuation from a long-term increasing trend. 
Long-range dependencies can be captured by Standard Transformer, but it is not very reliable when there are 
erratic local changes brought on by irrigation and rainfall. Although TCN is comparatively easy to use, it is not as 
good at learning periodic patterns over long cycles. By using autocorrelation to group comparable temporal 
subsequences, the model makes a more direct connection between the delayed sensor responses. The inference 
latency is 11.3 ms per sample, which is significantly less than Transformer's 21.9 ms, although being greater than 
TCN's 7.6 ms [33]. 

Seasonal Component and Sensor Contribution Analysis 

To find out if the model has picked up any time-varying components that are important to agriculture, seasonal 
decomposition is used. The deconstructed trend curve, shown in Figure 4(a), shows that the trend gradually 
increases during the vegetative stage before plateauing close to maturity. The seasonal component is shown in 
Figure 4(b) and comprises temperature accumulation, rainfall variations, and cyclical changes in irrigation cycles. 
The autocorrelation lag distribution is shown in Figure 4(c); prominent delays appear at roughly 7, 15, 31, and 
48 days, suggesting that the model takes into account both extended growth-stage dependencies and weekly 
management cycles. The reconstruction error of trend-seasonal-residual decomposition is shown in Figure 4(d), 
and the suggested model has a 22.4% lower reconstruction error than fixed moving-average decomposition [34]. 

 
Figure 4. Seasonal decomposition and temporal dependency interpretation. (a) Trend component of multi-source farmland sensor 

sequences. (b) Enhanced seasonal component across crop growth periods. (c) Dominant autocorrelation lags learned by the model. (d) 
Reconstruction error comparison under different decomposition strategies. 

Seasonal enhancement is not a smoothing function, as the figures above demonstrate. The seasonal branch 
captures repeated sensor responses at various points during the growing season, while the trend branch saves 
collected crop-growth data. When compared to the early vegetative growth phase, the autocorrelation of 
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temperature and radiation with yield is comparatively strong throughout the reproductive stage. Canopy 
response and radiation together make for 36.7% of the seasonal contribution during grain loading. This behavior 
is in line with the physiological function of stress sensitivity and photosynthetic accumulation [35]. 

The sensor-stage contribution results are shown in Figure 5. As indicated in Figure 5(a), the proportions of 
prediction evidence from soil moisture and cumulative temperature under vegetative development and 
reproductive growth are 22.1% and 25.4%, respectively. The contribution matrix of sensor groups and 
development stages is displayed in Figure 5(b); irrigation contribution peaks soon after the water-stress period, 
and canopy response is comparatively larger in late growth [36]. 

 
Figure 5. Sensor-stage contribution comparison across crop growth periods. (a) Stage-wise contribution ranking of soil, climate, irrigation, 

and canopy sensors. (b) Sensor-stage contribution matrix for interpretable agronomic diagnosis. 
 

Additionally, the contribution's outcomes are different from those of the earlier TCN-style temporal model. The 
suggested Autoformer makes use of lagged subsequence similarities and recurrent seasonal trends, while TCN 
expands the receptive field. The RMSE is 0.429 t/ha rather than 0.386 t/ha when the seasonal enhancement 
branch is excluded. When dense attention is substituted for autocorrelation aggregation, the inference latency 
increases by 46.3% and the RMSE climbs to 0.417 t/ha. Both the decomposition-and-autocorrelation models 
have increased the model's accuracy and interpretability, according to the ablation study. 

Robustness, Efficiency, and Cross-Season Transfer 

Examine resilience to cross-seasonal transfer, sensor noise, and missing observations. The RMSE for a 5%–30% 
missing rate is shown in Figure 6(a). The RMSE of the suggested model is 0.451 t/ha at a 20% missing observation 
rate; the standard Autoformer and LSTM increase to 0.506 and 0.628 t/ha, respectively. The performance under 
Gaussian noise applied to the soil and meteorological channels is shown in Figure 6(b); because decomposition 
reduces some high-frequency disturbances, the suggested model has a smaller error slope. The effects of sensor-
group removal are displayed in Figure 6(c); eliminating soil sensors raises RMSE by 14.2%, while eliminating 
canopy response raises it by 10.7% [37]. 
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Figure 6. Robustness under missing and noisy sensor observations. (a) RMSE variation under different missing-data ratios. (b) Prediction 

degradation under sensor noise perturbation. (c) Performance change after removing major sensor groups. 
 

The residual branch and reliable-aware interpolation are closely associated with robustness benefit. Because 
the model makes use of observation masks and local reliability coefficients, missing observations have no direct 
impact on the seasonal component. The residual branch absorbs some of the noise disturbance and keeps it out 
of the seasonal representation. As a result, an isolated sensor spike will not be regarded by the autocorrelation 
module as a recurring growth pattern. Despite occasional missing days in the irrigation records or delayed 
uploads, the model remains stable [38]. 

The efficiency and transfer results are displayed in Figure 7. The suggested model has 1.24 million parameters 
and an inference speed of 11.3 ms, whereas the Transformer model has 3.18 million parameters and a speed of 
21.9 ms. Figure 7(b) illustrates cross-season testing; training for two seasons and testing in the third season 
produced a R² of 0.884, surpassing the values of 0.852 for the standard Autoformer and 0.827 for TCN. The cross-
field prediction stability is shown in Figure 7(c); in all five farming zones, the suggested model's RMSE is less than 
0.48 t/ha [39]. 
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Figure 7. Efficiency and cross-season transfer performance comparison. (a) Parameter size and inference latency comparison. (b) Cross-

season transfer performance among temporal models. (c) Cross-field prediction stability across different farmland zones. 
 

The final ablation research looks at residual gating, sensor-stage contribution regularization, autocorrelation 
aggregation, and seasonal decomposition. The RMSE is 0.429 t/ha in the absence of seasonal breakdown. The 
noisy-sensor experiment is unstable and the RMSE is 0.413 t/ha when the residual gate is removed. The RMSE 
is less affected when contribution smoothness is eliminated, but the interpretation stability is decreased by 
19.8%. The entire model is reasonably resilient, has a low computational cost, and has good accuracy and 
seasonal interpretability [40]. 

Conclusion 
An interpretable seasonality-enhanced Autoformer model for crop production prediction based on multi-source 
agricultural sensors is presented in this research. Determine long-term temporal correlations by autocorrelation 
aggregation, break down heterogeneous sensor sequences into trend, seasonal, and residual components, and 
calculate sensor-stage contributions for agronomic interpretation. Seasonal improvement can increase the 
prediction accuracy and long-sequence stability of recurrent, convolutional, Transformer, and conventional 
Autoformer baselines, according to the experiments. 
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First, we might think of the agricultural production prediction problem as either a trend of constant growth or 
oscillations brought on by seasonal shifts or other erratic environmental causes. Time-delayed correlations at 
the subsequence level that are not readily apparent through straightforward aggregation or local convolution 
can be found using autocorrelation. Soil moisture, temperature, radiation, irrigation, and canopy response all 
have an impact on yield at different stages of growth, according to analysis of the sensor stage. As a result, these 
variables can be included in a model to increase its interpretability. 

The approach is appropriate for explainable seasonal reasoning and high-accuracy prediction in intelligent 
agricultural monitoring systems. In order to facilitate the widespread implementation of agricultural Internet of 
Things systems, future research will incorporate genetic data, remote sensing photos, uncertainty quantification, 
and lightweight model compression. 
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