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    Soothsayer 🧙🔮

[image: Run in Livebook]
Soothsayer is an Elixir library for time series forecasting, inspired by Facebook's Prophet and NeuralProphet. It decomposes your time series into interpretable components (trend, seasonality, auto-regression, events) and uses neural networks to learn the patterns.
Warning: Soothsayer is currently in alpha stage. The API is unstable and may change at any moment without prior notice. Use with caution in production environments.
Installation
Add soothsayer to your list of dependencies in mix.exs:
def deps do
  [
    {:soothsayer, "~> 0.1.0"},
  ]
end
Then run mix deps.get to install the dependencies.
Quick Start
alias Explorer.DataFrame
alias Explorer.Series

# Your data needs two columns: "ds" (dates) and "y" (values)
df = DataFrame.new(%{
  "ds" => Date.range(~D[2020-01-01], ~D[2022-12-31]),
  "y" => your_values
})

# Create and fit the model
model = Soothsayer.new()
fitted_model = Soothsayer.fit(model, df)

# Make predictions
future_dates = Date.range(~D[2023-01-01], ~D[2023-12-31])
predictions = Soothsayer.predict(fitted_model, Series.from_list(Enum.to_list(future_dates)))
You can also get individual components to understand what's driving the forecast:
components = Soothsayer.predict_components(fitted_model, future_dates_series)
# => %{combined: ..., trend: ..., yearly_seasonality: ..., weekly_seasonality: ..., ar: ..., events: ...}
To model special events like holidays or promotions:
# Define events with optional windows (days before/after)
model = Soothsayer.new(%{
  events: %{"black_friday" => %{lower_window: -1, upper_window: 1}}
})

events_df = DataFrame.new(%{
  "event" => ["black_friday", "black_friday"],
  "ds" => [~D[2021-11-26], ~D[2022-11-25]]
})

fitted_model = Soothsayer.fit(model, df, events: events_df)
Click the "Run in Livebook" badge above to try the interactive tutorial, or check the livebook directory for examples.
Features
Soothsayer models time series as a sum of components:
y(t) = trend(t) + seasonality(t) + ar(t) + events(t)
Each component can be enabled or disabled depending on your data.
Trend
Captures long-term growth or decline in your data. Enable this when your data has a general upward or downward direction over time.
Soothsayer.new(%{
  trend: %{enabled: true}  # this is the default
})
Good for: sales growth, user adoption, gradual temperature changes.
Changepoints
By default, Soothsayer uses piecewise linear trends with automatic changepoint detection. This allows the trend to change slope at multiple points, capturing shifts in growth rate (e.g., a product launch, market change, or policy update).
Soothsayer.new(%{
  trend: %{
    changepoints: 10,      # number of potential changepoints (default: 10)
    changepoints_range: 0.8  # place changepoints in first 80% of data (default: 0.8)
  }
})
The model learns which changepoints matter and how much the slope changes at each one. Setting changepoints: 0 disables changepoints and uses a simple linear trend.
Trend regularization can prevent overfitting when you have many changepoints:
trend: %{
  changepoints: 25,
  regularization: 0.1  # L1 penalty pushes small slope changes toward zero
}
This is useful when you're not sure how many changepoints you need. Set more than you think necessary and let regularization prune the unimportant ones.
Seasonality
Captures repeating patterns at fixed intervals. Soothsayer supports yearly and weekly seasonality using Fourier terms.
Soothsayer.new(%{
  seasonality: %{
    yearly: %{enabled: true, fourier_terms: 6},
    weekly: %{enabled: true, fourier_terms: 3}
  }
})
Yearly seasonality captures patterns that repeat every year (holiday shopping, summer peaks, etc). More fourier_terms means more flexibility to fit complex seasonal shapes, but also more risk of overfitting.
Weekly seasonality captures patterns that repeat every week (weekend dips, Monday spikes, etc). Usually needs fewer fourier terms than yearly.
	fourier_terms	Flexibility	Use when
	3	Low	Simple, smooth seasonal patterns
	6	Medium	Most cases (default for yearly)
	10+	High	Complex patterns with sharp peaks

Auto-Regression (AR)
Captures dependencies on recent values. Enable this when today's value depends on yesterday's (or the last few days). This is common in financial data, sensor readings, and anything with momentum.
Soothsayer.new(%{
  ar: %{
    enabled: true,
    lags: 7           # use the last 7 values to predict the next one
  }
})
Choosing lags: Start with the natural cycle of your data. For daily data with weekly patterns, try 7. For data with monthly patterns, try 30. You can also look at autocorrelation plots to see how many lags are actually useful.
Deep AR-Net
For non-linear autoregressive patterns, you can add hidden layers:
ar: %{
  enabled: true,
  lags: 7,
  layers: [32, 16]  # two hidden layers with ReLU activation
}
Use this when the relationship between past and future values is complex. For simple linear relationships, leave layers empty (the default).
Regularization
L1 regularization pushes AR weights toward zero, which prevents overfitting when you have many lags:
ar: %{
  enabled: true,
  lags: 14,
  regularization: 0.1  # higher = more sparsity
}
This is useful when you're not sure how many lags to use. Set a higher lags than you think you need and let regularization prevent the model from overfitting to noise in distant lags.
Events
Captures the impact of special occasions (holidays, promotions, etc.) that affect your time series. Events are modeled as additive effects that spike on specific dates.
alias Explorer.DataFrame

# Define which events to model and their windows
model = Soothsayer.new(%{
  events: %{
    "black_friday" => %{lower_window: -1, upper_window: 1},
    "christmas" => %{lower_window: -3, upper_window: 0}
  }
})

# Create a DataFrame with event dates
events_df = DataFrame.new(%{
  "event" => ["black_friday", "black_friday", "christmas", "christmas"],
  "ds" => [~D[2022-11-25], ~D[2023-11-24], ~D[2022-12-25], ~D[2023-12-25]]
})

# Fit with events
fitted_model = Soothsayer.fit(model, df, events: events_df)

# Predict (include future events)
future_events = DataFrame.new(%{
  "event" => ["black_friday", "christmas"],
  "ds" => [~D[2024-11-29], ~D[2024-12-25]]
})
predictions = Soothsayer.predict(fitted_model, future_dates, events: future_events)
Event Windows
Windows allow events to affect surrounding days, not just the event date itself:
	lower_window: Days before the event (use negative numbers). -2 means the effect starts 2 days before.
	upper_window: Days after the event. 1 means the effect extends 1 day after.

Example: %{lower_window: -1, upper_window: 1} creates effects for the day before, the event day, and the day after (3 separate learned coefficients).
Getting Event Effects
After training, you can extract the learned impact of each event:
effects = Soothsayer.get_event_effects(fitted_model)
# => %{"black_friday_-1" => 12.5, "black_friday_0" => 45.2, "black_friday_+1" => 8.3, ...}
This shows how much each event (at each window position) adds to the forecast.
Training Parameters
Soothsayer.new(%{
  epochs: 100,        # training iterations (default: 100)
  learning_rate: 0.01 # how fast to learn (default: 0.01)
})
If your model is underfitting (predictions are too smooth), try more epochs or a higher learning rate. If it's overfitting (fits training data but not new data), try fewer epochs or more regularization.
Using EXLA for Faster Training
Soothsayer uses EXLA for training by default, which compiles to XLA for faster execution on CPU/GPU.
Make sure EXLA is configured as your Nx backend in config/config.exs:
config :nx, default_backend: EXLA.Backend
Or set it at runtime:
Nx.global_default_backend(EXLA.Backend)
Full Configuration Example
Here's a model configured for daily sales data with yearly seasonality, short-term momentum, and holiday effects:
model = Soothsayer.new(%{
  trend: %{enabled: true, changepoints: 10},
  seasonality: %{
    yearly: %{enabled: true, fourier_terms: 8},
    weekly: %{enabled: true, fourier_terms: 3}
  },
  ar: %{
    enabled: true,
    lags: 7,
    regularization: 0.05
  },
  events: %{
    "black_friday" => %{lower_window: -1, upper_window: 1},
    "christmas" => %{lower_window: -3, upper_window: 0}
  },
  epochs: 150,
  learning_rate: 0.01
})
Features Not Yet Implemented
The following NeuralProphet features are on the roadmap:
	Lagged Regressors (external variables that affect the forecast)
	Future Regressors (known future values like holidays)
	Country Holidays (automatic holiday detection via :holidefs library)
	Multiplicative Events (events that scale with trend)
	Event Regularization
	Recurring Events (auto-expand to all years)
	Uncertainty Estimation
	Multiplicative Seasonality

Contributing
Contributions are welcome! Please feel free to submit a Pull Request.
This project uses Conventional Commits for automated releases. See the release documentation for details.
License
Copyright 2024 George Guimarães
Soothsayer is released under the Apache License 2.0. See the LICENSE file for details.
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    Introduction to Soothsayer 🧙🔮

Soothsayer is an Elixir library for time series forecasting, inspired by Facebook's Prophet and NeuralProphet.
What is Soothsayer?
Soothsayer decomposes your time series into interpretable components and uses neural networks to learn the patterns. The model equation is:
y(t) = trend(t) + seasonality(t) + ar(t) + events(t)
Where:
	trend(t) captures long-term growth or decline
	seasonality(t) captures repeating patterns (yearly, weekly)
	ar(t) captures dependencies on recent values (auto-regression)
	events(t) captures the impact of special occasions (holidays, promotions)

Each component can be enabled or disabled depending on your data.
Why Soothsayer?
	Interpretable: See what each component contributes to the forecast
	Neural network powered: Uses Axon for flexible learning
	Elixir native: Built for the BEAM ecosystem with Nx and Explorer
	Familiar API: If you've used Prophet or NeuralProphet, you'll feel at home

Comparison with NeuralProphet
Soothsayer implements a subset of NeuralProphet's features:
	Feature	Soothsayer	NeuralProphet
	Trend	Yes	Yes
	Changepoints	Yes	Yes
	Yearly seasonality	Yes	Yes
	Weekly seasonality	Yes	Yes
	Auto-regression (AR)	Yes	Yes
	Deep AR-Net	Yes	Yes
	Events	Yes	Yes
	Lagged regressors	Planned	Yes
	Future regressors	Planned	Yes
	Country holidays	Planned	Yes
	Multiplicative events	Planned	Yes
	Event regularization	Planned	Yes
	Recurring events	Planned	Yes
	Uncertainty estimation	Planned	Yes
	Multiplicative seasonality	Planned	Yes

Quick Example
alias Explorer.DataFrame
alias Explorer.Series

# Prepare your data with "ds" (dates) and "y" (values) columns
df = DataFrame.new(%{
  "ds" => Date.range(~D[2020-01-01], ~D[2022-12-31]),
  "y" => your_values
})

# Create and fit a model
model = Soothsayer.new()
fitted_model = Soothsayer.fit(model, df)

# Make predictions
future_dates = Series.from_list(Date.range(~D[2023-01-01], ~D[2023-12-31]) |> Enum.to_list())
predictions = Soothsayer.predict(fitted_model, future_dates)

# Get individual components
components = Soothsayer.predict_components(fitted_model, future_dates)
# => %{combined: ..., trend: ..., yearly_seasonality: ..., weekly_seasonality: ..., ar: ..., events: ...}
Next Steps
	The Basics - Learn the fundamentals with trend and seasonality
	Trends - Piecewise linear trends with changepoint detection
	Seasonality - Yearly and weekly patterns with Fourier terms
	Auto-Regression - Capture dependencies on recent values
	Events - Model holidays, promotions, and special occasions

Resources
	NeuralProphet Documentation - The Python library that inspired Soothsayer
	Prophet Documentation - Facebook's original forecasting library
	Interactive Livebook Tutorial - Run the examples yourself
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    The Basics

This tutorial covers the fundamentals of time series forecasting with Soothsayer. You'll learn how to create a model, fit it to data, and make predictions.
Data Format
Soothsayer expects an Explorer DataFrame with two columns:
	ds - dates (Date type)
	y - target values (numeric)

alias Explorer.DataFrame

df = DataFrame.new(%{
  "ds" => [~D[2023-01-01], ~D[2023-01-02], ~D[2023-01-03]],
  "y" => [100.0, 102.5, 101.3]
})
Creating a Model
Use Soothsayer.new/1 to create a model with your configuration:
model = Soothsayer.new(%{
  trend: %{enabled: true},
  seasonality: %{
    yearly: %{enabled: true, fourier_terms: 6},
    weekly: %{enabled: true, fourier_terms: 3}
  },
  epochs: 100,
  learning_rate: 0.01
})
Default Configuration
If you call Soothsayer.new() without arguments, you get sensible defaults:
	Parameter	Default	Description
	trend.enabled	true	Enable trend component
	trend.changepoints	10	Number of potential changepoints
	trend.changepoints_range	0.8	Place changepoints in first 80% of data
	seasonality.yearly.enabled	true	Enable yearly seasonality
	seasonality.yearly.fourier_terms	6	Flexibility of yearly pattern
	seasonality.weekly.enabled	true	Enable weekly seasonality
	seasonality.weekly.fourier_terms	3	Flexibility of weekly pattern
	epochs	100	Training iterations
	learning_rate	0.01	How fast to learn

Fitting the Model
Use Soothsayer.fit/2 to train the model on your data:
fitted_model = Soothsayer.fit(model, df)
Training uses EXLA by default for fast execution on CPU/GPU. Make sure EXLA is configured:
# In config/config.exs
config :nx, default_backend: EXLA.Backend

# Or at runtime
Nx.global_default_backend(EXLA.Backend)
Making Predictions
Use Soothsayer.predict/2 with an Explorer Series of dates:
alias Explorer.Series

future_dates = Series.from_list([~D[2023-01-04], ~D[2023-01-05], ~D[2023-01-06]])
predictions = Soothsayer.predict(fitted_model, future_dates)
# => #Nx.Tensor<f32[3][1]>
The result is an Nx tensor with shape {n_dates, 1}.
Getting Components
One of Soothsayer's strengths is interpretability. Use Soothsayer.predict_components/2 to see what each component contributes:
components = Soothsayer.predict_components(fitted_model, future_dates)
# => %{
#   combined: #Nx.Tensor<...>,
#   trend: #Nx.Tensor<...>,
#   yearly_seasonality: #Nx.Tensor<...>,
#   weekly_seasonality: #Nx.Tensor<...>,
#   ar: #Nx.Tensor<...>
# }
This helps you understand:
	Is the forecast driven by trend or seasonality?
	How much does each seasonal pattern contribute?
	What's the impact of auto-regression?

Complete Example
alias Explorer.DataFrame
alias Explorer.Series

# Generate synthetic data with trend and seasonality
:rand.seed(:exsss, {42, 42, 42})

start_date = ~D[2020-01-01]
dates = Date.range(start_date, ~D[2022-12-31])

y = Enum.map(dates, fn date ->
  days = Date.diff(date, start_date)
  trend = 1000 + 0.5 * days
  yearly = 50 * :math.sin(2 * :math.pi() * days / 365.25)
  weekly = 20 * :math.cos(2 * :math.pi() * Date.day_of_week(date) / 7)
  noise = :rand.normal(0, 30)
  trend + yearly + weekly + noise
end)

df = DataFrame.new(%{"ds" => dates, "y" => y})

# Create and fit model
model = Soothsayer.new(%{epochs: 50})
fitted_model = Soothsayer.fit(model, df)

# Predict on training data
predictions = Soothsayer.predict(fitted_model, df["ds"])

# Get components
components = Soothsayer.predict_components(fitted_model, df["ds"])
Visualizing Results
If you're using Livebook, you can visualize with VegaLite:
alias VegaLite, as: Vl

df_with_predictions = DataFrame.put(df, "yhat", predictions)

Vl.new(width: 800, height: 400, title: "Actual vs Predicted")
|> Vl.data_from_values(df_with_predictions, only: ["ds", "y", "yhat"])
|> Vl.layers([
  Vl.new()
  |> Vl.mark(:point, opacity: 0.3)
  |> Vl.encode_field(:x, "ds", type: :temporal)
  |> Vl.encode_field(:y, "y", type: :quantitative),
  Vl.new()
  |> Vl.mark(:line, color: "tomato", stroke_width: 2)
  |> Vl.encode_field(:x, "ds", type: :temporal)
  |> Vl.encode_field(:y, "yhat", type: :quantitative)
])
See the Interactive Livebook Tutorial for more visualization examples.
Next Steps
	Trends - Learn about piecewise linear trends with changepoint detection
	Seasonality - Configure yearly and weekly patterns
	Auto-Regression - Capture dependencies on recent values
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    Trends

The trend component captures long-term growth or decline in your data. Soothsayer uses piecewise linear trends with automatic changepoint detection, allowing the trend to change slope at multiple points.
This is useful for capturing:
	Product launches that accelerate growth
	Market shifts that slow growth
	Policy changes that affect trajectory
	Seasonal baseline shifts

How It Works
The trend is modeled as:
trend(t) = k * t + m + sum(delta_j * max(0, t - s_j))
Where:
	k = base growth rate (learned)
	m = offset (learned)
	s_j = changepoint positions (computed from data)
	delta_j = rate adjustments at each changepoint (learned)

The model learns which changepoints matter and how much the slope changes at each one.
For more details on the math, see NeuralProphet's Trend documentation.
Configuration
model = Soothsayer.new(%{
  trend: %{
    enabled: true,           # Enable trend component (default: true)
    changepoints: 10,      # Number of potential changepoints (default: 10)
    changepoints_range: 0.8, # Place in first 80% of data (default: 0.8)
    regularization: nil      # L1 penalty on rate changes (default: nil)
  }
})
Parameters
	Parameter	Default	Description
	enabled	true	Enable/disable the trend component
	changepoints	10	Number of potential slope changes
	changepoints_range	0.8	Fraction of data where changepoints can occur
	regularization	nil	L1 penalty to encourage sparse changepoints

Simple Linear Trend
For data with a consistent growth rate, disable changepoints:
model = Soothsayer.new(%{
  trend: %{changepoints: 0}
})
This gives you a simple linear trend: trend(t) = k * t + m
Piecewise Linear Trend
For data where the growth rate changes over time:
model = Soothsayer.new(%{
  trend: %{changepoints: 10, changepoints_range: 0.8}
})
The changepoints_range parameter controls where changepoints can be placed. Setting it to 0.8 means changepoints are only placed in the first 80% of the data, preventing overfitting at the end of the series.
Example: Detecting Slope Changes
alias Explorer.DataFrame

# Data with a slope change: flat first year, steep second year
n_days = 730
dates = Enum.map(0..(n_days - 1), fn i -> Date.add(~D[2020-01-01], i) end)

y = Enum.map(0..(n_days - 1), fn i ->
  # Slope changes from 0.1 to 3.0 at day 365
  trend = if i < 365, do: 100 + 0.1 * i, else: 100 + 0.1 * 365 + 3.0 * (i - 365)
  noise = :rand.normal(0, 10)
  trend + noise
end)

df = DataFrame.new(%{"ds" => dates, "y" => y})

# Model WITHOUT changepoints (misses the slope change)
model_linear = Soothsayer.new(%{
  trend: %{changepoints: 0},
  seasonality: %{yearly: %{enabled: false}, weekly: %{enabled: false}},
  epochs: 100
})

# Model WITH changepoints (captures the slope change)
model_piecewise = Soothsayer.new(%{
  trend: %{changepoints: 10, changepoints_range: 0.8},
  seasonality: %{yearly: %{enabled: false}, weekly: %{enabled: false}},
  epochs: 100
})

fitted_linear = Soothsayer.fit(model_linear, df)
fitted_piecewise = Soothsayer.fit(model_piecewise, df)
The piecewise model will capture the slope change much better than the simple linear model.
Regularization
When you're unsure how many changepoints you need, set more than necessary and use regularization to prune unimportant ones:
model = Soothsayer.new(%{
  trend: %{
    changepoints: 25,      # More than we likely need
    regularization: 0.1      # L1 penalty pushes small changes toward zero
  }
})
Higher regularization values encourage sparser changepoints (fewer slope changes).
	Regularization	Effect
	nil or 0	No penalty, all changepoints can have any value
	0.01 - 0.1	Light penalty, subtle changes may be zeroed out
	0.1 - 1.0	Strong penalty, only significant changes remain

Choosing Parameters
changepoints:
	Start with the default (10)
	Increase if you expect many slope changes
	Decrease if you expect a smooth trend
	Use changepoints: 0 for simple linear trend

changepoints_range:
	Default (0.8) works well for most cases
	Decrease if you have a short forecast horizon
	Increase if slope changes occur late in your data

regularization:
	Start with nil (no regularization)
	Add if you see overfitting (trend follows noise too closely)
	Higher values = smoother trend with fewer changes

Network Architecture
With changepoints enabled, the trend input has shape {batch_size, 1 + changepoints}:
# The network receives:
# - Column 0: normalized time t
# - Columns 1-n: changepoint features max(0, t - s_j)

input_shape = {nil, 1 + changepoints}
See the Interactive Livebook Tutorial for network visualization examples.
Next Steps
	Seasonality - Add yearly and weekly patterns
	Auto-Regression - Capture dependencies on recent values
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    Seasonality

Seasonality captures repeating patterns at fixed intervals. Soothsayer supports yearly and weekly seasonality using Fourier terms.
This is useful for:
	Holiday shopping peaks (yearly)
	Summer/winter demand patterns (yearly)
	Weekend dips in activity (weekly)
	Monday peaks in emails (weekly)

How It Works
Seasonality is modeled using Fourier series:
seasonality(t) = sum(a_n * cos(2*pi*n*t/P) + b_n * sin(2*pi*n*t/P))
Where:
	P = period (365.25 days for yearly, 7 days for weekly)
	n = Fourier term index (1 to N)
	a_n, b_n = learned coefficients

More Fourier terms allow more complex seasonal shapes.
For more details, see NeuralProphet's Seasonality documentation.
Configuration
model = Soothsayer.new(%{
  seasonality: %{
    yearly: %{
      enabled: true,      # Enable yearly seasonality
      fourier_terms: 6    # Number of Fourier terms
    },
    weekly: %{
      enabled: true,      # Enable weekly seasonality
      fourier_terms: 3    # Number of Fourier terms
    }
  }
})
Parameters
	Parameter	Default	Description
	yearly.enabled	true	Enable yearly (annual) patterns
	yearly.fourier_terms	6	Flexibility of yearly pattern
	weekly.enabled	true	Enable weekly patterns
	weekly.fourier_terms	3	Flexibility of weekly pattern

Yearly Seasonality
Captures patterns that repeat every year:
model = Soothsayer.new(%{
  seasonality: %{
    yearly: %{enabled: true, fourier_terms: 6},
    weekly: %{enabled: false}
  }
})
Good for:
	Holiday shopping peaks
	Summer vacation patterns
	Agricultural cycles
	Weather-driven demand

Fourier Terms for Yearly
	fourier_terms	Flexibility	Use when
	3	Low	Smooth, simple patterns (one peak per year)
	6	Medium	Most cases (default)
	10+	High	Complex patterns with multiple peaks

Weekly Seasonality
Captures patterns that repeat every week:
model = Soothsayer.new(%{
  seasonality: %{
    yearly: %{enabled: false},
    weekly: %{enabled: true, fourier_terms: 3}
  }
})
Good for:
	Weekend vs weekday differences
	Day-of-week patterns
	Business cycle effects

Fourier Terms for Weekly
	fourier_terms	Flexibility	Use when
	2	Low	Simple weekday/weekend split
	3	Medium	Most cases (default)
	5+	High	Complex day-specific patterns

Choosing Fourier Terms
More terms = more flexibility = more risk of overfitting.
Signs you need more terms:
	Residuals show repeating patterns
	Known complex seasonal shape (multiple peaks per cycle)

Signs you need fewer terms:
	Model fits noise in training but not test data
	Seasonal pattern looks jagged or implausible

Start with defaults and adjust based on results.
Example: Extracting Seasonal Components
alias Explorer.DataFrame
alias Explorer.Series

# Generate data with both yearly and weekly seasonality
start_date = ~D[2020-01-01]
dates = Date.range(start_date, ~D[2022-12-31])

y = Enum.map(dates, fn date ->
  days = Date.diff(date, start_date)
  trend = 1000
  yearly = 50 * :math.sin(2 * :math.pi() * days / 365.25)
  weekly = 20 * :math.cos(2 * :math.pi() * Date.day_of_week(date) / 7)
  noise = :rand.normal(0, 10)
  trend + yearly + weekly + noise
end)

df = DataFrame.new(%{"ds" => dates, "y" => y})

# Fit model
model = Soothsayer.new(%{
  trend: %{changepoints: 0},  # Simple linear trend
  seasonality: %{
    yearly: %{enabled: true, fourier_terms: 6},
    weekly: %{enabled: true, fourier_terms: 3}
  },
  epochs: 50
})

fitted = Soothsayer.fit(model, df)

# Extract components
components = Soothsayer.predict_components(fitted, df["ds"])

# components.yearly_seasonality contains the yearly pattern
# components.weekly_seasonality contains the weekly pattern
Disabling Seasonality
If your data has no seasonal patterns:
model = Soothsayer.new(%{
  seasonality: %{
    yearly: %{enabled: false},
    weekly: %{enabled: false}
  }
})
Or disable just one type:
# Only yearly seasonality
model = Soothsayer.new(%{
  seasonality: %{
    yearly: %{enabled: true},
    weekly: %{enabled: false}
  }
})
Data Requirements
	Yearly seasonality: Needs at least 2 years of data to learn reliably
	Weekly seasonality: Needs at least a few weeks of data

With less data, the model may learn noise rather than true patterns. Consider disabling seasonality if you don't have enough data.
Network Architecture
Each seasonality type adds input features to the network:
# Yearly: 2 * fourier_terms features (sin and cos)
yearly_features = 2 * 6  # => 12 features for fourier_terms: 6

# Weekly: 2 * fourier_terms features
weekly_features = 2 * 3  # => 6 features for fourier_terms: 3
Next Steps
	Auto-Regression - Capture dependencies on recent values
	Trends - Piecewise linear trends with changepoints
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    Auto-Regression

Auto-regression (AR) captures dependencies on recent values. Enable this when today's value depends on yesterday's (or the last few days).
This is useful for:
	Financial data with momentum
	Sensor readings with inertia
	Sales with carry-over effects
	Any data where values persist

How It Works
The AR component models the current value as depending on previous values:
ar(t) = sum(w_i * y(t-i))
Where:
	y(t-i) = value at lag i (1 to lags)
	w_i = learned weight for each lag

For more details, see NeuralProphet's Auto-Regression documentation.
Configuration
model = Soothsayer.new(%{
  ar: %{
    enabled: true,       # Enable AR component (default: false)
    lags: 7,           # Number of lagged values to use
    layers: [],          # Hidden layers for deep AR-Net (default: [])
    regularization: nil  # L1 penalty on weights (default: nil)
  }
})
Parameters
	Parameter	Default	Description
	enabled	false	Enable/disable AR component
	lags	0	Number of lagged values to use
	layers	[]	Hidden layer sizes for deep AR-Net
	regularization	nil	L1 penalty to encourage sparsity

Linear AR
For simple linear dependencies:
model = Soothsayer.new(%{
  ar: %{enabled: true, lags: 7}
})
This learns a weighted sum of the last 7 values.
Deep AR-Net
For non-linear relationships, add hidden layers:
model = Soothsayer.new(%{
  ar: %{
    enabled: true,
    lags: 7,
    layers: [32, 16]  # Two hidden layers with ReLU activation
  }
})
Use deep AR-Net when:
	Linear AR doesn't capture the pattern
	You have enough data to train a deeper model
	The relationship between past and future is complex

Choosing lags
Start with the natural cycle of your data:
	Data Frequency	Suggested lags	Reason
	Daily with weekly pattern	7	Captures full week
	Daily with monthly pattern	30	Captures full month
	Hourly with daily pattern	24	Captures full day

You can also examine autocorrelation to see which lags are useful.
Example: AR(1) Process
alias Explorer.DataFrame
alias Explorer.Series

# Generate AR(1) data: each value depends on the previous
:rand.seed(:exsss, {42, 42, 42})

n_days = 500
dates = Enum.map(0..(n_days - 1), fn i -> Date.add(~D[2022-01-01], i) end)

y = Enum.reduce(1..(n_days - 1), [100.0], fn _i, [prev | _] = acc ->
  trend = 0.1
  ar = 0.7 * (prev - 100)  # Mean-reverting AR(1)
  noise = :rand.normal(0, 5)
  [100 + trend * length(acc) + ar + noise | acc]
end)
|> Enum.reverse()

df = DataFrame.new(%{"ds" => dates, "y" => y})

# Model WITHOUT AR (trend only)
model_no_ar = Soothsayer.new(%{
  trend: %{changepoints: 5},
  seasonality: %{yearly: %{enabled: false}, weekly: %{enabled: false}},
  ar: %{enabled: false},
  epochs: 30
})

# Model WITH AR
model_with_ar = Soothsayer.new(%{
  trend: %{changepoints: 5},
  seasonality: %{yearly: %{enabled: false}, weekly: %{enabled: false}},
  ar: %{enabled: true, lags: 7},
  epochs: 30
})

fitted_no_ar = Soothsayer.fit(model_no_ar, df)
fitted_with_ar = Soothsayer.fit(model_with_ar, df)
The AR model will track short-term fluctuations much better.
Inspecting AR Weights
Use Soothsayer.get_ar_weights/1 to see which lags are important:
ar_weights = Soothsayer.get_ar_weights(fitted_with_ar)

# For linear AR
kernel = ar_weights["ar_dense_out"].kernel
# => #Nx.Tensor<f32[7][1]>

# View weights
weights = Nx.to_flat_list(kernel)
# => [-0.12, 0.45, 0.08, ...] # Weight for each lag
Higher absolute weight = more important lag.
Deep AR-Net Weights
For models with hidden layers:
model = Soothsayer.new(%{
  ar: %{enabled: true, lags: 7, layers: [32, 16]}
})
fitted = Soothsayer.fit(model, df)

weights = Soothsayer.get_ar_weights(fitted)
# => %{
#   "ar_dense_0" => %{kernel: ..., bias: ...},  # First hidden layer
#   "ar_dense_1" => %{kernel: ..., bias: ...},  # Second hidden layer
#   "ar_dense_out" => %{kernel: ..., bias: ...} # Output layer
# }
Regularization
When you're unsure how many lags matter, use regularization:
model = Soothsayer.new(%{
  ar: %{
    enabled: true,
    lags: 14,          # More lags than we likely need
    regularization: 0.1  # L1 penalty
  }
})
Regularization pushes unimportant lag weights toward zero, effectively selecting which lags matter.
	Regularization	Effect
	nil or 0	No penalty, all lags can have any weight
	0.01 - 0.1	Light penalty, minor lags zeroed
	0.1 - 1.0	Strong penalty, only dominant lags remain

Data Considerations
Training Data:
	First lags observations are used to seed the AR model
	Training targets start at observation lags + 1
	More lags = less effective training data

Prediction:
	Predictions use observed values from training data as context
	For multi-step forecasting, the model uses its own predictions as inputs

Network Architecture
The AR component adds an input branch to the network:
# Input shape
ar_input_shape = {nil, lags}

# For linear AR: direct dense layer to output
# For deep AR-Net: hidden layers -> dense output
Next Steps
	Events - Holidays and special occasions
	Trends - Piecewise linear trends with changepoints
	Seasonality - Yearly and weekly patterns
	The Basics - Fundamental concepts
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    Events

Events capture the impact of special occasions that affect your time series - holidays, promotions, product launches, and other one-off or recurring occurrences.
This is useful for:
	Holiday effects (Christmas, Black Friday)
	Marketing promotions and sales
	Product launches or announcements
	Any known future occurrence with measurable impact

How It Works
The events component adds a spike or dip on specific dates:
events(t) = sum(z_e * e(t))
Where:
	e(t) = binary indicator (1 if event occurs, 0 otherwise)
	z_e = learned coefficient for each event

For more details, see NeuralProphet's Events documentation.
Configuration
Events require two parts:
	Model config - Define which events to model and their windows
	Events DataFrame - Specify when each event occurs

alias Explorer.DataFrame

# 1. Configure the model
model = Soothsayer.new(%{
  events: %{
    "black_friday" => %{lower_window: -1, upper_window: 1},
    "christmas" => %{lower_window: -3, upper_window: 0}
  }
})

# 2. Create events DataFrame
events_df = DataFrame.new(%{
  "event" => ["black_friday", "black_friday", "christmas", "christmas"],
  "ds" => [~D[2022-11-25], ~D[2023-11-24], ~D[2022-12-25], ~D[2023-12-25]]
})

# 3. Fit with events
fitted = Soothsayer.fit(model, df, events: events_df)
Event Config Parameters
	Parameter	Description
	lower_window	Days before event (use negative numbers)
	upper_window	Days after event (use positive numbers)

Event Windows
Windows allow events to affect surrounding days, not just the event date itself.
Simple Event (No Window)
For events that only affect the exact date:
events: %{
  "sale" => %{lower_window: 0, upper_window: 0}
}
Creates 1 feature: sale_0
Pre-Event Effects
For events where the impact starts before the date:
events: %{
  "black_friday" => %{lower_window: -2, upper_window: 0}
}
Creates 3 features: black_friday_-2, black_friday_-1, black_friday_0
Post-Event Effects
For events with lingering effects:
events: %{
  "christmas" => %{lower_window: 0, upper_window: 2}
}
Creates 3 features: christmas_0, christmas_+1, christmas_+2
Combined Windows
For events with both pre and post effects:
events: %{
  "product_launch" => %{lower_window: -3, upper_window: 7}
}
Creates 11 features (-3 to +7), each learning its own coefficient.
Example: Sales Events
alias Explorer.DataFrame
alias Explorer.Series

# Generate data with sale spikes
:rand.seed(:exsss, {42, 42, 42})

dates = Enum.map(0..364, fn i -> Date.add(~D[2023-01-01], i) end)
sale_dates = [~D[2023-03-15], ~D[2023-09-15]]

y = Enum.map(dates, fn date ->
  trend = 100 + 0.1 * Date.diff(date, ~D[2023-01-01])
  spike = if date in sale_dates, do: 50, else: 0
  noise = :rand.normal(0, 5)
  trend + spike + noise
end)

df = DataFrame.new(%{"ds" => dates, "y" => y})

events_df = DataFrame.new(%{
  "event" => ["sale", "sale"],
  "ds" => sale_dates
})

# Fit model
model = Soothsayer.new(%{
  trend: %{enabled: true, changepoints: 0},
  seasonality: %{yearly: %{enabled: false}, weekly: %{enabled: false}},
  events: %{
    "sale" => %{lower_window: 0, upper_window: 0}
  },
  epochs: 50
})

fitted = Soothsayer.fit(model, df, events: events_df)
Prediction with Events
When predicting, you must provide events for the prediction dates:
# Future dates
future_dates = Series.from_list([~D[2024-01-01], ~D[2024-01-02], ~D[2024-03-15]])

# Future events
future_events = DataFrame.new(%{
  "event" => ["sale"],
  "ds" => [~D[2024-03-15]]
})

predictions = Soothsayer.predict(fitted, future_dates, events: future_events)
If you omit the events: option during prediction, the model won't include event effects.
Inspecting Event Effects
Use Soothsayer.get_event_effects/1 to see the learned impact of each event:
effects = Soothsayer.get_event_effects(fitted)
# => %{"sale_0" => 48.5}

# For windowed events:
# => %{"black_friday_-1" => 12.3, "black_friday_0" => 45.2, "black_friday_+1" => 8.1}
Positive values indicate the event increases the forecast; negative values decrease it.
Multiple Events
You can model multiple different events:
events_df = DataFrame.new(%{
  "event" => ["black_friday", "black_friday", "christmas", "christmas", "new_year"],
  "ds" => [~D[2022-11-25], ~D[2023-11-24], ~D[2022-12-25], ~D[2023-12-25], ~D[2024-01-01]]
})

model = Soothsayer.new(%{
  events: %{
    "black_friday" => %{lower_window: -2, upper_window: 1},
    "christmas" => %{lower_window: -7, upper_window: 0},
    "new_year" => %{lower_window: 0, upper_window: 0}
  }
})
Each event type learns independent coefficients.
Recurring Events
The same event can occur multiple times (e.g., annual holidays). Just include all occurrences in the events DataFrame:
events_df = DataFrame.new(%{
  "event" => ["christmas", "christmas", "christmas"],
  "ds" => [~D[2021-12-25], ~D[2022-12-25], ~D[2023-12-25]]
})
The model learns a single coefficient per event (per window position), applied to all occurrences.
Network Architecture
Events add an input branch to the network:
# Each event with window creates multiple binary features
# e.g., "sale" with window -1 to +1 = 3 features

events_input_shape = {nil, n_event_features}
The events_dense layer learns weights for all event features.
Next Steps
	Trends - Piecewise linear trends with changepoints
	Seasonality - Yearly and weekly patterns
	Auto-Regression - Dependencies on recent values
	The Basics - Fundamental concepts
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Soothsayer 
    



      
The main module for the Soothsayer library, providing functions for creating, fitting, and using time series forecasting models.

      


      
        Summary


  
    Functions
  


    
      
        display_network(model)

      


        Returns a display-friendly version of the network that outputs a single tensor.



    


    
      
        fit(model, data, opts \\ [])

      


        Fits the Soothsayer model to the provided data.



    


    
      
        get_ar_weights(model)

      


        Extracts the raw AR layer weights from a fitted model.



    


    
      
        get_event_effects(model)

      


        Extracts the learned event coefficients from a fitted model.



    


    
      
        new(config \\ %{})

      


        Creates a new Soothsayer model with the given configuration.



    


    
      
        predict(model, x, opts \\ [])

      


        Makes predictions using a fitted Soothsayer model.



    


    
      
        predict_components(model, x, opts \\ [])

      


        Makes predictions and returns the individual components (trend, seasonality) using a fitted Soothsayer model.



    





      


      
        Functions


        


  
    
      
    
    
      display_network(model)



        
          
        

    

  


  

      

          @spec display_network(Soothsayer.Model.t()) :: Axon.t()


      


Returns a display-friendly version of the network that outputs a single tensor.
This can be used with Axon.Display.as_graph/2 since it doesn't use
Axon.container with a map output.
Parameters
	model - A Soothsayer.Model struct.

Returns
  An Axon network suitable for visualization.
Examples
iex> model = Soothsayer.new()
iex> input = %{
...>   "trend" => Nx.template({1, 11}, :f32),
...>   "yearly" => Nx.template({1, 12}, :f32),
...>   "weekly" => Nx.template({1, 6}, :f32)
...> }
iex> Axon.Display.as_graph(Soothsayer.display_network(model), input)

  



    

  
    
      
    
    
      fit(model, data, opts \\ [])



        
          
        

    

  


  

      

          @spec fit(Soothsayer.Model.t(), Explorer.DataFrame.t(), keyword()) ::
  Soothsayer.Model.t()


      


Fits the Soothsayer model to the provided data.
Parameters
	model - A Soothsayer.Model struct.
	data - An Explorer.DataFrame containing the training data.
	opts - Optional keyword list:	:events - An Explorer.DataFrame with "event" and "ds" columns.



Returns
  An updated Soothsayer.Model struct with fitted parameters.
Examples
iex> model = Soothsayer.new()
iex> data = Explorer.DataFrame.new(%{"ds" => [...], "y" => [...]})
iex> fitted_model = Soothsayer.fit(model, data)
%Soothsayer.Model{config: %{}, network: %Axon.Node{}, params: %{}}

iex> events_df = Explorer.DataFrame.new(%{"event" => ["sale"], "ds" => [~D[2023-01-01]]})
iex> fitted_model = Soothsayer.fit(model, data, events: events_df)
%Soothsayer.Model{config: %{}, network: %Axon.Node{}, params: %{}}

  



  
    
      
    
    
      get_ar_weights(model)



        
          
        

    

  


  

      

          @spec get_ar_weights(Soothsayer.Model.t()) :: %{
  required(String.t()) => %{kernel: Nx.Tensor.t(), bias: Nx.Tensor.t()}
}


      


Extracts the raw AR layer weights from a fitted model.
For linear AR models, returns the output layer weights.
For deep AR-Net models, returns all layer weights including hidden layers.
Parameters
	model - A fitted Soothsayer.Model struct with AR enabled.

Returns
  A map of layer names to weight structs containing :kernel and :bias tensors.
Examples
iex> model = Soothsayer.new(%{ar: %{enabled: true, lags: 3}})
iex> fitted_model = Soothsayer.fit(model, data)
iex> weights = Soothsayer.get_ar_weights(fitted_model)
%{
  "ar_dense_out" => %{kernel: #Nx.Tensor<f32[3][1]>, bias: #Nx.Tensor<f32[1]>}
}

  



  
    
      
    
    
      get_event_effects(model)



        
          
        

    

  


  

      

          @spec get_event_effects(Soothsayer.Model.t()) :: %{required(String.t()) => float()}


      


Extracts the learned event coefficients from a fitted model.
Returns a map of event feature names to their learned coefficients.
Feature names are formatted as "event_name_offset" where offset indicates
the window position relative to the event date.
Parameters
	model - A fitted Soothsayer.Model struct with events configured.

Returns
  A map of feature names to coefficient values.
Examples
iex> model = Soothsayer.new(%{events: %{"sale" => %{lower_window: 0, upper_window: 0}}})
iex> fitted_model = Soothsayer.fit(model, data, events: events_df)
iex> effects = Soothsayer.get_event_effects(fitted_model)
%{"sale_0" => 45.2}

iex> model = Soothsayer.new(%{events: %{"promo" => %{lower_window: -1, upper_window: 1}}})
iex> fitted_model = Soothsayer.fit(model, data, events: events_df)
iex> effects = Soothsayer.get_event_effects(fitted_model)
%{"promo_-1" => 12.5, "promo_0" => 50.0, "promo_+1" => 8.3}

  



    

  
    
      
    
    
      new(config \\ %{})



        
          
        

    

  


  

      

          @spec new(map()) :: Soothsayer.Model.t()


      


Creates a new Soothsayer model with the given configuration.
Parameters
	config - A map containing the model configuration. Defaults to an empty map.

Returns
  A new Soothsayer.Model struct.
Examples
iex> Soothsayer.new()
%Soothsayer.Model{config: %{trend: %{enabled: true}, seasonality: %{yearly: %{enabled: true, fourier_terms: 6}, weekly: %{enabled: true, fourier_terms: 3}}, epochs: 100, learning_rate: 0.01}, network: %Axon.Node{}, params: nil}

iex> Soothsayer.new(%{epochs: 200, learning_rate: 0.005})
%Soothsayer.Model{config: %{trend: %{enabled: true}, seasonality: %{yearly: %{enabled: true, fourier_terms: 6}, weekly: %{enabled: true, fourier_terms: 3}}, epochs: 200, learning_rate: 0.005}, network: %Axon.Node{}, params: nil}

  



    

  
    
      
    
    
      predict(model, x, opts \\ [])



        
          
        

    

  


  

      

          @spec predict(Soothsayer.Model.t(), Explorer.Series.t(), keyword()) :: Nx.Tensor.t()


      


Makes predictions using a fitted Soothsayer model.
Parameters
	model - A fitted Soothsayer.Model struct.
	x - An Explorer.Series containing the dates for which to make predictions.
	opts - Optional keyword list:	:events - An Explorer.DataFrame with "event" and "ds" columns.



Returns
  An Nx.Tensor containing the predicted values.
Examples
iex> fitted_model = Soothsayer.fit(model, training_data)
iex> future_dates = Explorer.Series.from_list([~D[2023-01-01], ~D[2023-01-02], ~D[2023-01-03]])
iex> predictions = Soothsayer.predict(fitted_model, future_dates)
#Nx.Tensor<
  f32[3][1]
  [
    [1.5],
    [2.3],
    [3.1]
  ]
>

  



    

  
    
      
    
    
      predict_components(model, x, opts \\ [])



        
          
        

    

  


  

      

          @spec predict_components(Soothsayer.Model.t(), Explorer.Series.t(), keyword()) :: %{
  combined: Nx.Tensor.t(),
  trend: Nx.Tensor.t(),
  yearly_seasonality: Nx.Tensor.t(),
  weekly_seasonality: Nx.Tensor.t()
}


      


Makes predictions and returns the individual components (trend, seasonality) using a fitted Soothsayer model.
Parameters
	model - A fitted Soothsayer.Model struct.
	x - An Explorer.Series containing the dates for which to make predictions.
	opts - Optional keyword list:	:events - An Explorer.DataFrame with "event" and "ds" columns.



Returns
  A map containing the predicted values for each component (trend, yearly seasonality, weekly seasonality, events) and the combined prediction.
Examples
iex> fitted_model = Soothsayer.fit(model, training_data)
iex> future_dates = Explorer.Series.from_list([~D[2023-01-01], ~D[2023-01-02], ~D[2023-01-03]])
iex> predictions = Soothsayer.predict_components(fitted_model, future_dates)
%{
  combined: #Nx.Tensor<...>,
  trend: #Nx.Tensor<...>,
  yearly_seasonality: #Nx.Tensor<...>,
  weekly_seasonality: #Nx.Tensor<...>
}
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Soothsayer.AR 
    



      
Auto-regression (AR) component functionality.
Handles network building, feature engineering, and weight extraction for AR models.
Supports both linear AR and deep AR-Net architectures with configurable hidden layers.

      


      
        Summary


  
    Functions
  


    
      
        build_component(input, arg2)

      


        Builds the AR component layer(s).



    


    
      
        build_input(training_data, prediction_dates, lags)

      


        Builds AR input tensor for prediction given training data and prediction dates.



    


    
      
        build_network_input(arg1)

      


        Creates the Axon input node for the AR component.



    


    
      
        create_lagged_inputs(y, lags)

      


        Creates lagged input features and corresponding targets for AR training.



    


    
      
        get_weights(model)

      


        Extracts raw AR layer weights from a fitted model.



    





      


      
        Functions


        


  
    
      
    
    
      build_component(input, arg2)



        
          
        

    

  


  

      

          @spec build_component(Axon.t() | nil, map()) :: Axon.t()


      


Builds the AR component layer(s).
Supports both linear AR (single dense layer) and deep AR-Net (multiple hidden layers
with ReLU activation followed by linear output).
Parameters
	input - Axon input node from build_network_input/1.
	config - Model configuration map.

Returns
  An Axon layer when AR is enabled, Axon.constant(0) otherwise.

  



  
    
      
    
    
      build_input(training_data, prediction_dates, lags)



        
          
        

    

  


  

      

          @spec build_input(map(), list(), non_neg_integer()) :: Nx.Tensor.t()


      


Builds AR input tensor for prediction given training data and prediction dates.
For each prediction date, looks up the previous lags values from the training
data to use as AR features. Returns zeros for dates that don't have enough history.
Parameters
	training_data - Map with :dates (list of dates) and :y_normalized (list of values)
	prediction_dates - List of dates to build AR inputs for
	lags - Number of lagged values to include

Returns
  A tensor of shape {n_predictions, lags} with AR features.

  



  
    
      
    
    
      build_network_input(arg1)



        
          
        

    

  


  

      

          @spec build_network_input(map()) :: Axon.t() | nil


      


Creates the Axon input node for the AR component.
Parameters
	config - Model configuration map with :ar key.

Returns
  An Axon input node when AR is enabled, nil otherwise.

  



  
    
      
    
    
      create_lagged_inputs(y, lags)



        
          
        

    

  


  

      

          @spec create_lagged_inputs(Nx.Tensor.t(), non_neg_integer()) ::
  {Nx.Tensor.t(), Nx.Tensor.t()}


      


Creates lagged input features and corresponding targets for AR training.
Given a time series y and number of lags, creates sliding windows where each
window contains lags consecutive values, and the target is the next value.
Parameters
	y - A 1D tensor of time series values.
	lags - Number of lagged values to use as features.

Returns
  A tuple {lagged, targets} where:
	lagged - Tensor of shape {n_samples, lags} with lagged features
	targets - Tensor of shape {n_samples, 1} with target values

Examples
iex> y = Nx.tensor([1.0, 2.0, 3.0, 4.0, 5.0])
iex> {lagged, targets} = Soothsayer.AR.create_lagged_inputs(y, 3)
iex> Nx.shape(lagged)
{2, 3}

  



  
    
      
    
    
      get_weights(model)



        
          
        

    

  


  

      

          @spec get_weights(Soothsayer.Model.t()) :: %{
  required(String.t()) => %{kernel: Nx.Tensor.t(), bias: Nx.Tensor.t()}
}


      


Extracts raw AR layer weights from a fitted model.
For linear AR models, returns the output layer weights.
For deep AR-Net models, returns all layer weights including hidden layers.
Parameters
	model - A fitted Soothsayer.Model struct with AR enabled.

Returns
  A map of layer names to weight structs containing :kernel and :bias tensors.
Examples
iex> weights = Soothsayer.AR.get_weights(fitted_model)
%{"ar_dense_out" => %{kernel: #Nx.Tensor<...>, bias: #Nx.Tensor<...>}}
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Soothsayer.Events 
    



      
Event component for Soothsayer models.
Handles network building and feature engineering for events (holidays, promotions, etc.).
Each event becomes binary features indicating whether the event occurs on a given date.

      


      
        Summary


  
    Functions
  


    
      
        build_component(input, arg2)

      


        Builds the events component layer.



    


    
      
        build_features(dates, events_df, events_config)

      


        Builds event features tensor from dates and events DataFrame.



    


    
      
        build_network_input(arg1)

      


        Creates the Axon input node for the events component.



    


    
      
        feature_names(events_config)

      


        Returns list of feature names for all configured events.



    


    
      
        get_effects(model)

      


        Extracts the learned event coefficients from a fitted model.



    


    
      
        n_features(events_config)

      


        Computes total number of event features based on config.



    





      


      
        Functions


        


  
    
      
    
    
      build_component(input, arg2)



        
          
        

    

  


  

      

          @spec build_component(Axon.t() | nil, map()) :: Axon.t()


      


Builds the events component layer.
Parameters
	input - Axon input node from build_network_input/1.
	config - Model configuration map.

Returns
  An Axon dense layer when events are configured, Axon.constant(0) otherwise.

  



  
    
      
    
    
      build_features(dates, events_df, events_config)



        
          
        

    

  


  

      

          @spec build_features(Explorer.Series.t(), Explorer.DataFrame.t(), map()) ::
  Nx.Tensor.t() | nil


      


Builds event features tensor from dates and events DataFrame.
For each date, creates binary features indicating whether each event
(with its window offsets) occurs on that date.
Parameters
	dates - An Explorer Series of dates.
	events_df - A DataFrame with "event" and "ds" columns.
	events_config - Map of event configurations.

Returns
  A tensor of shape {n_dates, n_event_features} with 1.0 where
  events occur and 0.0 otherwise.
Examples
iex> dates = Explorer.Series.from_list([~D[2023-01-01], ~D[2023-01-02]])
iex> events_df = Explorer.DataFrame.new(%{"event" => ["sale"], "ds" => [~D[2023-01-02]]})
iex> config = %{"sale" => %{lower_window: 0, upper_window: 0}}
iex> Events.build_features(dates, events_df, config)
#Nx.Tensor<
  f32[2][1]
  [
    [0.0],
    [1.0]
  ]
>

  



  
    
      
    
    
      build_network_input(arg1)



        
          
        

    

  


  

      

          @spec build_network_input(map()) :: Axon.t() | nil


      


Creates the Axon input node for the events component.
Parameters
	config - Model configuration map with optional :events key.

Returns
  An Axon input node when events are configured, nil otherwise.

  



  
    
      
    
    
      feature_names(events_config)



        
          
        

    

  


  

      

          @spec feature_names(map()) :: [String.t()]


      


Returns list of feature names for all configured events.
Names are formatted as "event_name_offset" where offset indicates
the window position relative to the event date.
Examples
iex> Events.feature_names(%{})
[]

iex> Events.feature_names(%{"sale" => %{lower_window: 0, upper_window: 0}})
["sale_0"]

iex> Events.feature_names(%{"bf" => %{lower_window: -1, upper_window: 1}})
["bf_-1", "bf_0", "bf_+1"]

  



  
    
      
    
    
      get_effects(model)



        
          
        

    

  


  

      

          @spec get_effects(Soothsayer.Model.t()) :: %{required(String.t()) => float()}


      


Extracts the learned event coefficients from a fitted model.
Returns a map of event feature names to their learned coefficients.
Parameters
	model - A fitted Soothsayer.Model struct with events configured.

Returns
  A map of feature names to coefficient values.
Examples
iex> effects = Events.get_effects(fitted_model)
%{"sale_0" => 45.2, "promo_-1" => 12.5}

  



  
    
      
    
    
      n_features(events_config)



        
          
        

    

  


  

      

          @spec n_features(map()) :: non_neg_integer()


      


Computes total number of event features based on config.
Each event with window [lower_window, upper_window] creates
|lower_window| + 1 + upper_window features.
Examples
iex> Events.n_features(%{})
0

iex> Events.n_features(%{"sale" => %{lower_window: 0, upper_window: 0}})
1

iex> Events.n_features(%{"black_friday" => %{lower_window: -2, upper_window: 1}})
4
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Soothsayer.Model 
    



      
Defines the structure and operations for the Soothsayer forecasting model.

      


      
        Summary


  
    Types
  


    
      
        t()

      


    





  
    Functions
  


    
      
        build_network(config)

      


        Builds the neural network for the Soothsayer model based on the given configuration.



    


    
      
        display_network(config)

      


        Returns a display-friendly version of the network that outputs a single tensor.



    


    
      
        fit(model, x, y, epochs)

      


        Fits the Soothsayer model to the provided data.



    


    
      
        new(config)

      


        Creates a new Soothsayer.Model struct with the given configuration.



    


    
      
        predict(model, x)

      


        Makes predictions using a fitted Soothsayer model.



    





      


      
        Types


        


  
    
      
    
    
      t()



        
          
        

    

  


  

      

          @type t() :: %Soothsayer.Model{config: map(), network: Axon.t(), params: term() | nil}


      



  


        

      

      
        Functions


        


  
    
      
    
    
      build_network(config)



        
          
        

    

  


  

      

          @spec build_network(map()) :: Axon.t()


      


Builds the neural network for the Soothsayer model based on the given configuration.
Parameters
	config - A map containing the model configuration.

Returns
  An Axon neural network structure.
Examples
iex> config = %{trend: %{enabled: true}, seasonality: %{yearly: %{enabled: true, fourier_terms: 6}}}
iex> network = Soothsayer.Model.build_network(config)
#Axon.Node<...>

  



  
    
      
    
    
      display_network(config)



        
          
        

    

  


  

      

          @spec display_network(map()) :: Axon.t()


      


Returns a display-friendly version of the network that outputs a single tensor.
This version can be used with Axon.Display.as_graph/2 since it doesn't use
Axon.container with a map output.
Examples
iex> model = Soothsayer.new(config)
iex> input = %{"trend" => Nx.template({1, 1}, :f32), ...}
iex> Axon.Display.as_graph(Soothsayer.Model.display_network(model.config), input)

  



  
    
      
    
    
      fit(model, x, y, epochs)



        
          
        

    

  


  

      

          @spec fit(
  t(),
  %{required(String.t()) => Nx.Tensor.t()},
  Nx.Tensor.t(),
  non_neg_integer()
) :: t()


      


Fits the Soothsayer model to the provided data.
Parameters
	model - A Soothsayer.Model struct.
	x - A map of input tensors.
	y - A tensor of target values.
	epochs - The number of training epochs.

Returns
  An updated Soothsayer.Model struct with fitted parameters.
Examples
iex> model = Soothsayer.Model.new(config)
iex> x = %{"trend" => trend_tensor, "yearly" => yearly_tensor, "weekly" => weekly_tensor}
iex> y = target_tensor
iex> fitted_model = Soothsayer.Model.fit(model, x, y, 100)
%Soothsayer.Model{...}

  



  
    
      
    
    
      new(config)



        
          
        

    

  


  

      

          @spec new(map()) :: t()


      


Creates a new Soothsayer.Model struct with the given configuration.
Parameters
	config - A map containing the model configuration.

Returns
  A new Soothsayer.Model struct.
Examples
iex> config = %{trend: %{enabled: true}, seasonality: %{yearly: %{enabled: true, fourier_terms: 6}}}
iex> Soothsayer.Model.new(config)
%Soothsayer.Model{network: ..., params: nil, config: ^config}

  



  
    
      
    
    
      predict(model, x)



        
          
        

    

  


  

      

          @spec predict(t(), %{required(String.t()) => Nx.Tensor.t()}) :: %{
  combined: Nx.Tensor.t(),
  trend: Nx.Tensor.t(),
  yearly_seasonality: Nx.Tensor.t(),
  weekly_seasonality: Nx.Tensor.t()
}


      


Makes predictions using a fitted Soothsayer model.
Parameters
	model - A fitted Soothsayer.Model struct.
	x - A map of input tensors.

Returns
  A map containing the predicted values for each component and the combined prediction.
Examples
iex> fitted_model = Soothsayer.Model.fit(model, training_x, training_y, 100)
iex> x = %{"trend" => future_trend_tensor, "yearly" => future_yearly_tensor, "weekly" => future_weekly_tensor}
iex> predictions = Soothsayer.Model.predict(fitted_model, x)
%{
  combined: #Nx.Tensor<...>,
  trend: #Nx.Tensor<...>,
  yearly_seasonality: #Nx.Tensor<...>,
  weekly_seasonality: #Nx.Tensor<...>
}
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Soothsayer.Seasonality 
    



      
Seasonality component for Soothsayer forecasting models.
Handles network building and feature engineering for yearly and weekly seasonality
using Fourier series decomposition.

      


      
        Summary


  
    Functions
  


    
      
        add_fourier_features(df, ds_column, seasonality_config)

      


        Adds Fourier feature columns to a DataFrame for seasonality modeling.



    


    
      
        build_components(inputs, config)

      


        Builds seasonality component layers.



    


    
      
        build_features(dates, config)

      


        Builds seasonality feature tensors from dates.



    


    
      
        build_inputs(config)

      


        Creates Axon input nodes for seasonality components.



    





      


      
        Functions


        


  
    
      
    
    
      add_fourier_features(df, ds_column, seasonality_config)



        
          
        

    

  


  

      

          @spec add_fourier_features(Explorer.DataFrame.t(), String.t(), map()) ::
  Explorer.DataFrame.t()


      


Adds Fourier feature columns to a DataFrame for seasonality modeling.
Parameters
	df - An Explorer.DataFrame containing the input data.
	ds_column - The name of the date column.
	seasonality_config - A map containing the seasonality configuration.

Returns
  An Explorer.DataFrame with additional columns for Fourier terms.
Examples
iex> df = Explorer.DataFrame.new(%{"ds" => [~D[2023-01-01]], "y" => [1.0]})
iex> config = %{yearly: %{enabled: true, fourier_terms: 2}, weekly: %{enabled: false, fourier_terms: 2}}
iex> result = Soothsayer.Seasonality.add_fourier_features(df, "ds", config)
iex> "yearly_sin_1" in result.names
true

  



  
    
      
    
    
      build_components(inputs, config)



        
          
        

    

  


  

      

          @spec build_components(%{yearly: Axon.t(), weekly: Axon.t()}, map()) :: %{
  yearly: Axon.t(),
  weekly: Axon.t()
}


      


Builds seasonality component layers.
Parameters
	inputs - Map of Axon input nodes from build_inputs/1.
	config - Model configuration map.

Returns
  A map with :yearly and :weekly keys containing Axon layers.

  



  
    
      
    
    
      build_features(dates, config)



        
          
        

    

  


  

      

          @spec build_features([Date.t()], map()) :: %{
  yearly: Nx.Tensor.t(),
  weekly: Nx.Tensor.t()
}


      


Builds seasonality feature tensors from dates.
Parameters
	dates - List of dates.
	config - Model configuration map with :seasonality key.

Returns
  A map with :yearly and :weekly keys containing Nx tensors.
Examples
iex> dates = [~D[2023-01-01], ~D[2023-01-02], ~D[2023-01-03]]
iex> config = %{seasonality: %{yearly: %{enabled: true, fourier_terms: 2}, weekly: %{enabled: true, fourier_terms: 2}}}
iex> result = Soothsayer.Seasonality.build_features(dates, config)
iex> Nx.shape(result.yearly)
{3, 4}

  



  
    
      
    
    
      build_inputs(config)



        
          
        

    

  


  

      

          @spec build_inputs(map()) :: %{yearly: Axon.t(), weekly: Axon.t()}


      


Creates Axon input nodes for seasonality components.
Parameters
	config - Model configuration map with :seasonality key.

Returns
  A map with :yearly and :weekly keys containing Axon input nodes.
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Soothsayer.Trainer 
    



      
Training functionality for Soothsayer models.
Handles standard training and custom training with L1 regularization
on specified layer weights (AR, trend, etc.).

      


      
        Summary


  
    Functions
  


    
      
        compute_l1_penalty(params, layer_names)

      


        Computes L1 penalty for specified layer kernels.



    


    
      
        fit(network, x, y, epochs, config)

      


        Trains a network on the provided data.



    





      


      
        Functions


        


  
    
      
    
    
      compute_l1_penalty(params, layer_names)



        
          
        

    

  


  

      

          @spec compute_l1_penalty(Axon.ModelState.t(any(), any()), [String.t()]) ::
  Nx.Tensor.t()


      


Computes L1 penalty for specified layer kernels.
Parameters
	params - An Axon.ModelState containing the model parameters.
	layer_names - A list of layer names to include in the penalty.

Returns
  A scalar tensor with the sum of absolute values of all kernel weights
  in the specified layers.
Examples
iex> penalty = Soothsayer.Trainer.compute_l1_penalty(params, ["ar_dense_out"])
#Nx.Tensor<f32 6.0>

  



  
    
      
    
    
      fit(network, x, y, epochs, config)



        
          
        

    

  


  

      

          @spec fit(
  Axon.t(),
  %{required(String.t()) => Nx.Tensor.t()},
  Nx.Tensor.t(),
  non_neg_integer(),
  map()
) ::
  Axon.ModelState.t(any(), any())


      


Trains a network on the provided data.
Parameters
	network - An Axon neural network.
	x - A map of input tensors.
	y - A tensor of target values.
	epochs - The number of training epochs.
	config - A map containing training configuration:	:learning_rate - Learning rate for the optimizer.
	:ar - Optional map with :regularization for AR L1 penalty.
	:trend - Optional map with :regularization for trend L1 penalty.



Returns
  The trained Axon.ModelState.
Examples
iex> config = %{learning_rate: 0.1}
iex> params = Soothsayer.Trainer.fit(network, x, y, 100, config)
%Axon.ModelState{...}
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Soothsayer.Trend 
    



      
Trend component with optional piecewise linear changepoints.
Handles network building, feature engineering, and weight extraction for the trend.
The trend function with changepoints is:
trend(t) = k * t + m + sum(delta_j * max(0, t - s_j))
Where:
	k = base growth rate (learned)
	m = offset (learned)
	s_j = changepoint positions (computed from data, fixed)
	delta_j = rate adjustments at each changepoint (learned)


      


      
        Summary


  
    Functions
  


    
      
        build_changepoint_features(t, changepoint_positions)

      


        Builds changepoint feature tensor computing max(0, t - s_j) for each changepoint.



    


    
      
        build_component(input, arg2)

      


        Builds the trend component layer.



    


    
      
        build_features(dates, config)

      


        Builds trend features tensor and metadata from dates.



    


    
      
        build_input(config)

      


        Creates the Axon input node for the trend component.



    


    
      
        build_trend_input(t, changepoint_features)

      


        Builds the complete trend input by concatenating t with changepoint features.



    


    
      
        compute_changepoint_indices(n_samples, changepoints, changepoints_range)

      


        Computes evenly spaced changepoint indices within the first portion of data.



    


    
      
        compute_changepoint_positions(dates, changepoints, changepoints_range)

      


        Computes changepoint positions as dates from the data.



    


    
      
        date_to_numeric(dates, first_date)

      


        Converts dates to numeric values (days since first date).



    


    
      
        get_weights(model)

      


        Extracts learned trend weights from a fitted model.



    


    
      
        numeric_to_date(numeric, first_date)

      


        Converts numeric values back to dates.



    





      


      
        Functions


        


  
    
      
    
    
      build_changepoint_features(t, changepoint_positions)



        
          
        

    

  


  

      

          @spec build_changepoint_features(Nx.Tensor.t(), [number()]) :: Nx.Tensor.t() | nil


      


Builds changepoint feature tensor computing max(0, t - s_j) for each changepoint.
Parameters
	t - Tensor of time values with shape {n_samples, 1}.
	changepoint_positions - List of numeric changepoint positions.

Returns
  A tensor of shape {n_samples, changepoints} with changepoint features.
Examples
iex> t = Nx.tensor([[1.0], [2.0], [3.0]])
iex> Soothsayer.Trend.build_changepoint_features(t, [1.5])
#Nx.Tensor<f32[3][1] [[0.0], [0.5], [1.5]]>

  



  
    
      
    
    
      build_component(input, arg2)



        
          
        

    

  


  

      

          @spec build_component(Axon.t(), map()) :: Axon.t()


      


Builds the trend component layer.
Parameters
	input - Axon input node from build_input/1.
	config - Model configuration map.

Returns
  An Axon dense layer when enabled, or Axon.constant(0) when disabled.

  



  
    
      
    
    
      build_features(dates, config)



        
          
        

    

  


  

      

          @spec build_features([Date.t()], map()) :: {Nx.Tensor.t(), map()}


      


Builds trend features tensor and metadata from dates.
Parameters
	dates - List of dates.
	config - Model configuration map with :trend key.

Returns
  A tuple {tensor, metadata} where:
	tensor has shape {n_dates, 1 + changepoints}
	metadata contains :first_date and :changepoint_positions

Examples
iex> dates = [~D[2023-01-01], ~D[2023-01-02], ~D[2023-01-03]]
iex> config = %{trend: %{changepoints: 0, changepoints_range: 0.8}}
iex> {tensor, metadata} = Soothsayer.Trend.build_features(dates, config)
iex> Nx.shape(tensor)
{3, 1}
iex> metadata.first_date
~D[2023-01-01]

  



  
    
      
    
    
      build_input(config)



        
          
        

    

  


  

      

          @spec build_input(map()) :: Axon.t()


      


Creates the Axon input node for the trend component.
Parameters
	config - Model configuration map with :trend key.

Returns
  An Axon input node with shape {nil, 1 + changepoints}.

  



  
    
      
    
    
      build_trend_input(t, changepoint_features)



        
          
        

    

  


  

      

          @spec build_trend_input(Nx.Tensor.t(), Nx.Tensor.t() | nil) :: Nx.Tensor.t()


      


Builds the complete trend input by concatenating t with changepoint features.
Parameters
	t - Tensor of time values with shape {n_samples, 1}.
	changepoint_features - Tensor of changepoint features with shape {n_samples, changepoints}.

Returns
  A tensor of shape {n_samples, 1 + changepoints}.
Examples
iex> t = Nx.tensor([[1.0], [2.0]])
iex> cp_features = Nx.tensor([[0.0, 0.0], [0.5, 0.0]])
iex> Soothsayer.Trend.build_trend_input(t, cp_features)
#Nx.Tensor<f32[2][3] [[1.0, 0.0, 0.0], [2.0, 0.5, 0.0]]>

  



  
    
      
    
    
      compute_changepoint_indices(n_samples, changepoints, changepoints_range)



        
          
        

    

  


  

      

          @spec compute_changepoint_indices(non_neg_integer(), non_neg_integer(), float()) :: [
  non_neg_integer()
]


      


Computes evenly spaced changepoint indices within the first portion of data.
Parameters
	n_samples - Total number of samples in the dataset.
	changepoints - Number of changepoints to create.
	changepoints_range - Fraction of data to place changepoints in (0-1).

Returns
  A list of indices where changepoints will be placed.
Examples
iex> Soothsayer.Trend.compute_changepoint_indices(100, 5, 0.8)
[16, 32, 48, 64, 80]

  



  
    
      
    
    
      compute_changepoint_positions(dates, changepoints, changepoints_range)



        
          
        

    

  


  

      

          @spec compute_changepoint_positions([Date.t()], non_neg_integer(), float()) :: [
  Date.t()
]


      


Computes changepoint positions as dates from the data.
Parameters
	dates - List of dates in the dataset.
	changepoints - Number of changepoints to create.
	changepoints_range - Fraction of data to place changepoints in (0-1).

Returns
  A list of dates where changepoints are positioned.
Examples
iex> dates = Enum.map(0..99, fn i -> Date.add(~D[2023-01-01], i) end)
iex> Soothsayer.Trend.compute_changepoint_positions(dates, 5, 0.8)
[~D[2023-01-17], ~D[2023-02-02], ~D[2023-02-18], ~D[2023-03-06], ~D[2023-03-22]]

  



  
    
      
    
    
      date_to_numeric(dates, first_date)



        
          
        

    

  


  

      

          @spec date_to_numeric([Date.t()], Date.t()) :: Nx.Tensor.t()


      


Converts dates to numeric values (days since first date).
Parameters
	dates - List of dates.
	first_date - Reference date (typically first date in dataset).

Returns
  A tensor of numeric values representing days since first_date.
Examples
iex> Soothsayer.Trend.date_to_numeric([~D[2023-01-01], ~D[2023-01-02]], ~D[2023-01-01])
#Nx.Tensor<f32[2] [0.0, 1.0]>

  



  
    
      
    
    
      get_weights(model)



        
          
        

    

  


  

      

          @spec get_weights(Soothsayer.Model.t()) :: %{
  kernel: Nx.Tensor.t(),
  bias: Nx.Tensor.t()
}


      


Extracts learned trend weights from a fitted model.
Parameters
	model - A fitted Soothsayer.Model struct.

Returns
  A map with :kernel and :bias tensors.

  



  
    
      
    
    
      numeric_to_date(numeric, first_date)



        
          
        

    

  


  

      

          @spec numeric_to_date([number()], Date.t()) :: [Date.t()]


      


Converts numeric values back to dates.
Parameters
	numeric - List of numeric values (days since first_date).
	first_date - Reference date.

Returns
  A list of dates.
Examples
iex> Soothsayer.Trend.numeric_to_date([0.0, 1.0], ~D[2023-01-01])
[~D[2023-01-01], ~D[2023-01-02]]
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