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About Orbit

Orbit is a Python package for Bayesian time series modeling and inference. It provides a
familiar and intuitive initialize-fit-predict interface for working with
time series tasks, while utilizing probabilistic programing languages under
the hood.

Currently, it supports the following models:


	Damped Local Trend (DLT)


	Exponential Smoothing (ETS)


	Local Global Trend (LGT)


	Kernel-based Time-varying Regression (KTR)




It also supports the following sampling methods for model estimation:


	Markov-Chain Monte Carlo (MCMC) as a full sampling method


	Maximum a Posteriori (MAP) as a point estimate method


	Stochastic Variational Inference (SVI) as a hybrid-sampling method on approximate
distribution




Under the hood, the package is leveraging probabilistic program such as pyro [https://pyro.ai/] and cmdstanpy [https://mc-stan.org/cmdstanpy/].


Citation

To cite Orbit in publications, refer to the following whitepaper:

Orbit: Probabilistic Forecast with Exponential Smoothing [https://arxiv.org/abs/2004.08492]

Bibtex:

@misc{
    ng2020orbit,
    title={Orbit: Probabilistic Forecast with Exponential Smoothing},
    author={Edwin Ng,
        Zhishi Wang,
        Huigang Chen,
        Steve Yang,
        Slawek Smyl
    },
    year={2020}, eprint={2004.08492}, archivePrefix={arXiv}, primaryClass={stat.CO}
}







Blog Post

1. Introducing Orbit, An Open Source Package for Time Series Inference and Forecasting [
Link [https://eng.uber.com/orbit/]]
2. The New Version of Orbit (v1.1) is Released: The Improvements, Design Changes, and Exciting Collaborations [
Link [https://eng.uber.com/the-new-version-of-orbit-v1-1-is-released/]]





            

          

      

      

    

  

    
      
          
            
  
Installation

Install from PyPi:

pip install orbit-ml





Install from GitHub:

git clone https://github.com/uber/orbit.git
cd orbit
pip install -r requirements.txt
pip install .








            

          

      

      

    

  

    
      
          
            
  
Quick Start

This session covers topics:


	a forecast task on iclaims dataset


	a simple Bayesian ETS Model using CmdStanPy


	posterior distribution extraction


	tools to visualize the forecast





Load Library


[1]:





%matplotlib inline
import matplotlib.pyplot as plt

import orbit
from orbit.utils.dataset import load_iclaims
from orbit.models import ETS
from orbit.diagnostics.plot import plot_predicted_data








[2]:





print(orbit.__version__)













1.1.4.6








Data

The iclaims data contains the weekly initial claims for US unemployment (obtained from Federal Reserve Bank of St. Louis [https://fred.stlouisfed.org/series/ICNSA]) benefits against a few related Google trend queries (unemploy, filling and job) from Jan 2010 - June 2018. This aims to demo a similar dataset from the Bayesian Structural Time Series (BSTS) model (Scott and Varian 2014) [https://people.ischool.berkeley.edu/~hal/Papers/2013/pred-present-with-bsts.pdf].

Note that the numbers are log-log transformed for fitting purpose and the discussion of using the regressors can be found in later chapters with the Damped Local Trend (DLT) model.


[3]:





# load data
df = load_iclaims()
date_col = 'week'
response_col = 'claims'
df.dtypes








[3]:







week              datetime64[ns]
claims                   float64
trend.unemploy           float64
trend.filling            float64
trend.job                float64
sp500                    float64
vix                      float64
dtype: object







[4]:





df.head(5)








[4]:
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Methods of Estimations and Predictions

There are three methods supported in Orbit model parameters estimation (a.k.a posteriors in Bayesian).


	Maximum a Posteriori (MAP)


	Markov Chain Monte Carlo (MCMC)


	Stochastic Variational Inference (SVI)




This session will cover the first two: MAP and MCMC which mainly uses CmdStanPy [https://mc-stan.org/cmdstanpy/] at the back end. Users can simply can leverage the args estimator to pick the method (stan-map and stan-mcmc). The details will be covered by the sections below. The SVI method is calling Pyro [https://pyro.ai/] by specifying estimator='pyro-svi'. However, it is covered by a separate session.


Data and Libraries


[1]:





%matplotlib inline
import matplotlib.pyplot as plt

import orbit
from orbit.utils.dataset import load_iclaims
from orbit.models import ETS
from orbit.diagnostics.plot import plot_predicted_data, plot_predicted_components








[2]:





print(orbit.__version__)













1.1.4.6







[3]:





# load data
df = load_iclaims()
test_size = 52
train_df = df[:-test_size]
test_df = df[-test_size:]
response_col = 'claims'
date_col = 'week'









Maximum a Posteriori (MAP)

To use MAP method, one can simply specify estimator='stan-map' when instantiating a model. The advantage of MAP estimation is a faster computational speed. In MAP, the uncertainty is mainly generated the noise process with bootstrapping. However, the uncertainty would not cover parameters variance as well as the credible interval from seasonality or other components.


[4]:





%%time
ets = ETS(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
)
ets.fit(df=train_df)
predicted_df = ets.predict(df=test_df)













2024-03-19 23:40:31 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.












CPU times: user 9.55 ms, sys: 11.8 ms, total: 21.3 ms
Wall time: 75.3 ms







[5]:





_ = plot_predicted_data(train_df, predicted_df, date_col, response_col, title='Prediction with ETSMAP')












[image: ../_images/tutorials_model_estimations_predictions_8_0.png]




To have the uncertainty from MAP, one can speicify n_bootstrap_draws. The default is set to be -1 which mutes the bootstrap process. Users can also specify a particular percentiles to report prediction intervals by passing list of percentiles with args prediction_percentiles.


[6]:





# default: [10, 90]
prediction_percentiles=[10, 90]
ets = ETS(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
    n_bootstrap_draws=1e4,
    prediction_percentiles=prediction_percentiles,
)
ets.fit(df=train_df)
predicted_df = ets.predict(df=test_df)

_ = plot_predicted_data(train_df, predicted_df, date_col, response_col,
                        prediction_percentiles=prediction_percentiles,
                        title='Prediction with ETS-MAP')













2024-03-19 23:40:32 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.











[image: ../_images/tutorials_model_estimations_predictions_10_1.png]




One can access the posterior estimated by calling the .get_point_posteriors(). The outcome from this function is a dict of dict where the top layer stores the type of point estimate while the second layer stores the parameters labels and values.


[7]:





pt_posteriors = ets.get_point_posteriors()['map']
pt_posteriors.keys()








[7]:







dict_keys(['l', 'lev_sm', 'obs_sigma', 's', 'sea_sm'])






In general, the first dimension is just 1 as a point estimate for each parameter. The rest of the dimension will depend on the dimension of parameter itself.


[8]:





lev = pt_posteriors['l']
lev.shape








[8]:







(1, 391)








MCMC

To use MCMC method, one can specify estimator='stan-mcmc' (the default) when instantiating a model. Compared to MAP, it usually takes longer time to fit. As the model now fitted as a full Bayesian model where No-U-Turn Sampler (NUTS) (Hoffman and Gelman 2011) [https://arxiv.org/abs/1111.4246] is carried out under the hood. By default, a full sampling on posteriors distribution is conducted. Hence, full distribution of the predictions are always provided.


MCMC - Full Bayesian Sampling


[9]:





%%time
ets = ETS(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-mcmc',
    seasonality=52,
    seed=8888,
    num_warmup=400,
    num_sample=400,
    stan_mcmc_args={'show_progress': False},
)
ets.fit(df=train_df)
predicted_df = ets.predict(df=test_df)













2024-03-19 23:40:32 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 100 and samples(per chain): 100.












CPU times: user 143 ms, sys: 45.5 ms, total: 189 ms
Wall time: 608 ms







[10]:





_ = plot_predicted_data(train_df, predicted_df, date_col, response_col, title='Prediction with ETS-Full Bayesian')












[image: ../_images/tutorials_model_estimations_predictions_18_0.png]




Also, users can request prediction with credible intervals of each component.


[11]:





predicted_df = ets.predict(df=df, decompose=True)
plot_predicted_components(predicted_df, date_col=date_col,
                          plot_components=['prediction', 'trend', 'seasonality'])












[image: ../_images/tutorials_model_estimations_predictions_20_0.png]





[11]:







array([<Axes: title={'center': 'prediction'}>,
       <Axes: title={'center': 'trend'}>,
       <Axes: title={'center': 'seasonality'}>], dtype=object)






Just like the MAPForecaster, one can also access the posterior samples by calling the function .get_posterior_samples().


[12]:





posterior_samples = ets.get_posterior_samples()
posterior_samples.keys()








[12]:







dict_keys(['l', 'lev_sm', 'obs_sigma', 's', 'sea_sm', 'loglk'])






As mentioned, in MCMC (Full Bayesian) models, the first dimension reflects the sample size.


[13]:





lev = posterior_samples['l']
lev.shape








[13]:







(400, 391)








MCMC - Point Estimation

Users can also choose to derive point estimates via MCMC by specifying point_method as mean or median via the call of .fit. In that case, posteriors samples are first aggregated by mean or median and store as a point estimate for final prediction. Just like other point estimate, users can specify n_bootstrap_draws to report uncertainties.


[14]:





%%time
ets = ETS(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-mcmc',
    seasonality=52,
    seed=8888,
    n_bootstrap_draws=1e4,
    stan_mcmc_args={'show_progress': False},
)

# specify point_method e.g. 'mean', 'median'
ets.fit(df=train_df, point_method='mean')
predicted_df = ets.predict(df=test_df)













2024-03-19 23:40:33 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 225 and samples(per chain): 25.












CPU times: user 346 ms, sys: 245 ms, total: 591 ms
Wall time: 959 ms







[15]:





_ = plot_predicted_data(train_df, predicted_df, date_col, response_col,
                        title='Prediction with Point(Mean) Estimation')












[image: ../_images/tutorials_model_estimations_predictions_27_0.png]




One can always access the the point estimated posteriors by .get_point_posteriors() (including the cases fitting the parameters through MCMC).


[16]:





ets.get_point_posteriors()['mean'].keys()








[16]:







dict_keys(['l', 'lev_sm', 'obs_sigma', 's', 'sea_sm'])







[17]:





ets.get_point_posteriors()['median'].keys()








[17]:







dict_keys(['l', 'lev_sm', 'obs_sigma', 's', 'sea_sm'])
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Randomness Control and Reproducible Results

There are randomness involved in the random initialization, sampling and bootstrapping process. Some of them with sufficient condition such as converging status and large amount of samples, can be fixed even without a fixed seed. However, they are not guaranteed. Two settings needed to allow fully reproducible results and will be demoed from this session:


	fix the seed on fitting


	fix the seed on prediction





Data and Libraries


[1]:





import numpy as np

import orbit
from orbit.models import DLT
from orbit.utils.dataset import load_iclaims








[2]:





print(orbit.__version__)
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[3]:





df = load_iclaims()
df.head(5)








[3]:
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Using Pyro for Estimation


Note

Currently we are still experimenting with Pyro and support Pyro only in LGT and KTR models.



Pyro [https://github.com/pyro-ppl/pyro] is a flexible, scalable deep probabilistic programming library built on PyTorch. Pyro was originally developed at Uber AI and is now actively maintained by community contributors, including a dedicated team at the Broad Institute.


[1]:





%matplotlib inline

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

import orbit
from orbit.models import LGT
from orbit.diagnostics.plot import plot_predicted_data
from orbit.diagnostics.plot import plot_predicted_components
from orbit.utils.dataset import load_iclaims

from orbit.constants.palette import OrbitPalette

import warnings
warnings.filterwarnings('ignore')








[2]:





print(orbit.__version__)
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[3]:





df = load_iclaims()








[4]:





test_size=52
train_df=df[:-test_size]
test_df=df[-test_size:]








VI Fit and Predict

Although Pyro provides a variety of ways to optimize/sample posteriors. Currently, we only support Stochastic Variational Inference (SVI). For details, please refer to this doc [https://pyro.ai/examples/svi_part_i.html].

To use SVI for LGT, specify estimator as pyro-svi.


[5]:





lgt_vi = LGT(
    response_col='claims',
    date_col='week',
    seasonality=52,
    seed=8888,
    estimator='pyro-svi',
    num_steps=101,
    num_sample=300,
    # trigger message per 50 steps
    message=50,
    learning_rate=0.1,
)








[6]:





%%time
lgt_vi.fit(df=train_df)













2024-03-19 23:40:42 - orbit - INFO - Using SVI (Pyro) with steps: 101, samples: 300, learning rate: 0.1, learning_rate_total_decay: 1.0 and particles: 100.
2024-03-19 23:40:42 - orbit - INFO - step    0 loss = 658.91, scale = 0.11635
INFO:orbit:step    0 loss = 658.91, scale = 0.11635
2024-03-19 23:40:46 - orbit - INFO - step   50 loss = -432, scale = 0.48623
INFO:orbit:step   50 loss = -432, scale = 0.48623
2024-03-19 23:40:49 - orbit - INFO - step  100 loss = -444.07, scale = 0.34976
INFO:orbit:step  100 loss = -444.07, scale = 0.34976












CPU times: user 11.8 s, sys: 33.2 s, total: 45 s
Wall time: 7.48 s







[6]:







<orbit.forecaster.svi.SVIForecaster at 0x289535f10>







[7]:





predicted_df = lgt_vi.predict(df=test_df)








[8]:





_ = plot_predicted_data(training_actual_df=train_df, predicted_df=predicted_df,
                    date_col=lgt_vi.date_col, actual_col=lgt_vi.response_col,
                    test_actual_df=test_df)












[image: ../_images/tutorials_pyro_basic_12_0.png]




We can also extract the ELBO loss from the training metrics.


[9]:





loss_elbo = lgt_vi.get_training_metrics()['loss_elbo']








[10]:





steps = np.arange(len(loss_elbo))
plt.subplots(1, 1, figsize=(8, 4))
plt.plot(steps, loss_elbo, color=OrbitPalette.BLUE.value)
plt.title('ELBO Loss per Step')








[10]:







Text(0.5, 1.0, 'ELBO Loss per Step')











[image: ../_images/tutorials_pyro_basic_15_1.png]
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Damped Local Trend (DLT)

This section covers topics including:


	DLT model structure


	DLT global trend configurations


	Adding regressors in DLT


	Other configurations





[1]:





%matplotlib inline
import matplotlib.pyplot as plt

import orbit
from orbit.models import DLT
from orbit.diagnostics.plot import plot_predicted_data, plot_predicted_components
from orbit.utils.dataset import load_iclaims








[2]:





print(orbit.__version__)













1.1.4.6







Model Structure

DLT is one of the main exponential smoothing models we support in orbit. Performance is benchmarked with M3 monthly, M4 weekly dataset and some Uber internal dataset (Ng and Wang et al., 2020) [https://arxiv.org/abs/2004.08492]. The model is a fusion between the classical ETS (Hyndman et. al., 2008) [http://www.exponentialsmoothing.net/home]) with some refinement leveraging ideas from Rlgt (Smyl et al., 2019) [https://cran.r-project.org/web/packages/Rlgt/index.html]. The
model has a structural forecast equations


\[\begin{split}\begin{align*}
y_t &=\mu_t + s_t + r_t +  \epsilon_t \\
\mu_t &=g_t + l_{t-1} +  \theta{b_{t-1}} \\
\epsilon_t  &~\sim \mathtt{Student}(\nu, 0, \sigma)\\
\sigma &~\sim  \mathtt{HalfCauchy}(0, \gamma_0)
\end{align*}\end{split}\]

with the update process


\[\begin{split}\begin{align*}
g_t &= D(t)\\
l_t &= \rho_l(y_t - g_{t} - s_t - r_t) + (1-\rho_l)(l_{t-1} + \theta b_{t-1})\\
b_t &=  \rho_b(l_t - l_{t-1}) + (1-\rho_b)\theta b_{t-1}\\
s_{t+m} &=  \rho_s(y_t - l_t - r_t) + (1-\rho_s)s_t\\
r_t &=  \Sigma_{j}\beta_j x_{jt}
\end{align*}\end{split}\]

One important point is that using \(y_t\) as a log-transformed response usually yield better result, especially we can interpret such log-transformed model as a multiplicative form of the original model. Besides, there are two new additional components compared to the classical damped ETS model:


	\(D(t)\) as the deterministic trend process


	\(r\) as the regression component with \(x\) as the regressors





[3]:





# load log-transformed data
df = load_iclaims()
response_col = 'claims'
date_col = 'week'








Note

Just like LGT model, we also provide MAP and MCMC (full Bayesian) methods for DLT model (by specifying estimator='stan-map' or estimator='stan-mcmc' when instantiating a model).

MCMC is usually more robust but may take longer time to train. In this notebook, we will use the MAP method for illustration purpose.





Global Trend Configurations

There are a few choices of \(D(t)\) configured by global_trend_option:


	linear (default)


	loglinear


	flat


	logistic




Mathematically, they are expressed as such,

1. Linear:

\(D(t) = \delta_{\text{intercept}} + \delta_{\text{slope}} \cdot t\)

2. Log-linear:

\(D(t) = \delta_{\text{intercept}} + ln(\delta_{\text{slope}} \cdot t)\)

3. Logistic:

\(D(t) = L + \frac{U - L} {1 + e^{- \delta_{\text{slope}} \cdot t}}\)

4. Flat:

\(D(t) = \delta_{\text{intercept}}\)

where \(\delta_{\text{intercept}}\) and \(\delta_{\text{slope}}\) are fitted parameters and \(t\) is rescaled time-step between \(0\) and \(T\) (=number of time steps).

To show the difference among these options, their predictions are projected in the charts below. Note that the default is set to linear which is also used in the benchmarking process mentioned previously. During prediction, a convenient function make_future_df() is called to generate future data frame (ONLY applied when you don’t have any regressors!).


linear global trend


[4]:





%%time

dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
    global_trend_option='linear',
    # for prediction uncertainty
    n_bootstrap_draws=1000,
)

dlt.fit(df)
test_df = dlt.make_future_df(periods=52 * 10)
predicted_df = dlt.predict(test_df)
_ = plot_predicted_data(df, predicted_df, date_col, response_col,  title='DLT Linear Global Trend')













2024-03-19 23:38:05 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.











[image: ../_images/tutorials_dlt_11_1.png]










CPU times: user 1.38 s, sys: 538 ms, total: 1.92 s
Wall time: 501 ms







[5]:





dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-mcmc',
    seasonality=52,
    seed=8888,
    global_trend_option='linear',
    # for prediction uncertainty
    n_bootstrap_draws=1000,
    stan_mcmc_args={'show_progress': False},
)

dlt.fit(df, point_method="mean")













2024-03-19 23:38:05 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 225 and samples(per chain): 25.







[5]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a9230650>






One can use .get_posterior_samples() to extract the samples for all sampling parameters.


[6]:





dlt.get_posterior_samples().keys()








[6]:







dict_keys(['l', 'b', 'lev_sm', 'slp_sm', 'obs_sigma', 'nu', 'lt_sum', 's', 'sea_sm', 'gt_sum', 'gb', 'gl', 'loglk'])







[7]:





%%time
# log-linear global trend
dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    seasonality=52,
    estimator='stan-map',
    seed=8888,
    global_trend_option='loglinear',
    # for prediction uncertainty
    n_bootstrap_draws=1000,
)

dlt.fit(df)
# re-use the test_df generated above
predicted_df = dlt.predict(test_df)
_ = plot_predicted_data(df, predicted_df, date_col, response_col,  title='DLT Log-Linear Global Trend')













2024-03-19 23:38:08 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.











[image: ../_images/tutorials_dlt_15_1.png]










CPU times: user 1.41 s, sys: 456 ms, total: 1.87 s
Wall time: 540 ms






In logistic trend, users need to specify the args global_floor and global_cap. These args are with default 0 and 1.



logistic global trend


[8]:





%%time

dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
    global_trend_option='logistic',
    global_cap=9999,
    global_floor=11.75,
    damped_factor=0.1,
    # for prediction uncertainty
    n_bootstrap_draws=1000,
)

dlt.fit(df)
predicted_df = dlt.predict(test_df)
ax = plot_predicted_data(df, predicted_df, date_col, response_col,
                         title='DLT Logistic Global Trend', is_visible=False);
ax.axhline(y=11.75, linestyle='--', color='orange')
ax.figure













2024-03-19 23:38:08 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.












CPU times: user 446 ms, sys: 263 ms, total: 709 ms
Wall time: 419 ms







[8]:






[image: ../_images/tutorials_dlt_18_2.png]




Note: Theoretically, the trend is bounded by the global_floor and global_cap. However, because of seasonality and regression, the predictions can still be slightly lower than the floor or higher than the cap.



flat trend


[9]:





%%time

dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
    global_trend_option='flat',
    # for prediction uncertainty
    n_bootstrap_draws=1000,
)

dlt.fit(df)
predicted_df = dlt.predict(test_df)
_ = plot_predicted_data(df, predicted_df, date_col, response_col,  title='DLT Flat Global Trend')













2024-03-19 23:38:09 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.











[image: ../_images/tutorials_dlt_21_1.png]










CPU times: user 1.33 s, sys: 264 ms, total: 1.59 s
Wall time: 681 ms









Regression

You can also add regressors into the model by specifying regressor_col. This serves the purpose of nowcasting or forecasting when exogenous regressors are known such as events and holidays. Without losing generality, the interface is set to be


\[\beta_j ~\sim \mathcal{N}(\mu_j, \sigma_j^2)\]

where \(\mu_j = 0\) and \(\sigma_j = 1\) by default as a non-informative prior. These two parameters are set by the arguments regressor_beta_prior and regressor_sigma_prior as a list. For example,


[10]:





dlt = DLT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-mcmc',
    seed=8888,
    seasonality=52,
    regressor_col=['trend.unemploy', 'trend.filling'],
    regressor_beta_prior=[0.1, 0.3],
    regressor_sigma_prior=[0.5, 2.0],
    stan_mcmc_args={'show_progress': False},
)

dlt.fit(df)
predicted_df = dlt.predict(df, decompose=True)
plot_predicted_components(predicted_df, date_col);













2024-03-19 23:38:09 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 225 and samples(per chain): 25.











[image: ../_images/tutorials_dlt_24_1.png]




One can also use .get_regression_coefs to extract the regression coefficients along with the confidence interval when posterior samples are available. The default lower and upper limits are set to be .05 and .95.


[11]:





dlt.get_regression_coefs()








[11]:
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Local Global Trend (LGT)

In this section, we will cover:


	LGT model structure


	difference between DLT and LGT


	syntax to call LGT classes with different estimation methods




LGT stands for Local and Global Trend and is a refined model from Rlgt (Smyl et al., 2019) [https://cran.r-project.org/web/packages/Rlgt/index.html]. The main difference is that LGT is an additive form taking log-transformation response as the modeling response. This essentially converts the model into a multiplicative with some advantages (Ng and Wang et al., 2020) [https://arxiv.org/abs/2004.08492]. However, one drawback of this approach is that negative response values are
not allowed due to the existence of the global trend term and because of that we start to deprecate the support of regression of this model.


[1]:





%matplotlib inline

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt

import orbit
from orbit.models import LGT
from orbit.diagnostics.plot import plot_predicted_data
from orbit.diagnostics.plot import plot_predicted_components
from orbit.utils.dataset import load_iclaims








[2]:





print(orbit.__version__)













1.1.4.6







Model Structure


\[\begin{split}\begin{align*}
 y_{t}  &= \mu_t + s_t   + \epsilon_t \\
\mu_t &= l_{t-1} + \xi_1 b_{t-1} + \xi_2 l_{t-1}^{\lambda}\\
\epsilon_t  &~\sim \mathtt{Student}(\nu, 0, \sigma)\\
\sigma &~\sim  \mathtt{HalfCauchy}(0, \gamma_0)
\end{align*}\end{split}\]

with the update process,


\[\begin{split}\begin{align*}
l_t &= \rho_l(y_t - s_t) + (1-\rho_l)l_{t-1}\\
b_t &=  \rho_b(l_t - l_{t-1}) + (1-\rho_b)b_{t-1}\\
s_{t+m} &=  \rho_s(y_t - l_t ) + (1-\rho_s)s_t
\end{align*}\end{split}\]

Unlike DLT model which has a deterministic trend, LGT introduces a hybrid trend where it consists of


	local trend takes on a fraction \(\xi_1\) rather than a damped factor


	global trend is with a auto-regrssive term \(\xi_2\) and a power term \(\lambda\)




We will continue to use the iclaims data with 52 weeks train-test split.


[3]:





# load data
df = load_iclaims()
# define date and response column
date_col = 'week'
response_col = 'claims'
df.dtypes
test_size = 52
train_df = df[:-test_size]
test_df = df[-test_size:]









LGT Model

In orbit, we provide three methods for LGT model estimation and inferences, which are * MAP * MCMC (also providing the point estimate method, mean or median), which is also the default * SVI

Orbit follows a sklearn style model API. We can create an instance of the Orbit class and then call its fit and predict methods.

In this notebook, we will only cover MAP and MCMC methods. Refer to this notebook [https://github.com/uber/orbit/blob/dev/docs/tutorials/pyro_basic.ipynb] for the pyro estimation.


LGT - MAP

To use MAP, specify the estimator as stan-map.


[4]:





lgt = LGT(
    response_col=response_col,
    date_col=date_col,
    estimator='stan-map',
    seasonality=52,
    seed=8888,
)













2024-03-19 23:39:41 - orbit - INFO - Optimizing (CmdStanPy) with algorithm: LBFGS.







[5]:





%%time
lgt.fit(df=train_df)













CPU times: user 9.3 ms, sys: 16.8 ms, total: 26.1 ms
Wall time: 172 ms







[5]:







<orbit.forecaster.map.MAPForecaster at 0x2919dccd0>







[6]:





predicted_df = lgt.predict(df=test_df)








[7]:





_ = plot_predicted_data(training_actual_df=train_df, predicted_df=predicted_df,
                        date_col=date_col, actual_col=response_col,
                        test_actual_df=test_df, title='Prediction with LGTMAP Model')












[image: ../_images/tutorials_lgt_16_0.png]






LGT - MCMC

To use MCMC sampling, specify the estimator as stan-mcmc (the default).


	By dedault, full Bayesian samples will be used for the predictions: for each set of parameter posterior samples, the prediction will be conducted once and the final predictions are aggregated over all the results. To be specific, the final predictions will be the median (aka 50th percentile) along with any additional percentiles provided. One can use .get_posterior_samples() to extract the samples for all sampling parameters.


	One can also specify point_method (either mean or median) via .fit to have the point estimate: the parameter posterior samples are aggregated first (mean or median) then conduct the prediction once.





LGT - full


[8]:





lgt = LGT(
    response_col=response_col,
    date_col=date_col,
    seasonality=52,
    seed=2024,
    stan_mcmc_args={'show_progress': False},
)








[9]:





%%time
lgt.fit(df=train_df)













2024-03-19 23:39:42 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 225 and samples(per chain): 25.












CPU times: user 87.1 ms, sys: 36.9 ms, total: 124 ms
Wall time: 5.13 s







[9]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a4bc4090>







[10]:





predicted_df = lgt.predict(df=test_df)








[11]:





predicted_df.tail(5)








[11]:
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Regression Priors in DLT

This notebook demonstrates usage of priors in the regression analysis. The iclaims data will be used in demo purpose. Examples include


	regression with default setting


	regression with bounded priors for regression coefficients




Generally speaking, regression coefficients are more robust under full Bayesian sampling and estimation. The default setting estimator='stan-mcmc' will be used in this tutorial.


[1]:





%matplotlib inline

import matplotlib.pyplot as plt
import numpy as np

import orbit
from orbit.utils.dataset import load_iclaims
from orbit.models import DLT
from orbit.diagnostics.plot import plot_predicted_data








[2]:





print(orbit.__version__)













1.1.4.6







US Weekly Initial Claims

Recall the iclaims dataset by previous section. In order to use this data to nowcast the US unemployment claims during COVID-19 period, the dataset is extended to Jan 2021 and the S&P 500 (^GSPC) [https://finance.yahoo.com/quote/%5EGSPC/history?period1=1264032000&period2=1611187200&interval=1wk&filter=history&frequency=1wk&includeAdjustedClose=true] and VIX [https://finance.yahoo.com/quote/%5EVIX/history?p=%5EVIX] Index historical data are attached for the same period.

The data is standardized and log-transformed for the model fitting purpose.


[3]:





# load data
df = load_iclaims(end_date='2021-01-03')
df = df[['week', 'claims', 'trend.unemploy', 'trend.job', 'sp500', 'vix']]
df = df[1:].reset_index(drop=True)

date_col = 'week'
response_col = 'claims'
df.dtypes








[3]:







week              datetime64[ns]
claims                   float64
trend.unemploy           float64
trend.job                float64
sp500                    float64
vix                      float64
dtype: object







[4]:





df.head(5)








[4]:
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Regression Penalties in DLT

This notebook continues to discuss regression problems with DLT and covers various penalties:


	fixed-ridge


	auto-ridge


	lasso




Generally speaking, regression coefficients are more robust under full Bayesian sampling and estimation. The default setting estimator='stan-mcmc' will be used in this tutorial. Besides, a fixed and small smoothing parameters are used such as level_sm_input=0.01 and slope_sm_input=0.01 to facilitate high dimensional regression.


[1]:





%matplotlib inline

import matplotlib.pyplot as plt
import numpy as np

import orbit
from orbit.utils.dataset import load_iclaims
from orbit.models import DLT
from orbit.diagnostics.plot import plot_predicted_data
from orbit.constants.palette import OrbitPalette








[2]:





print(orbit.__version__)













1.1.4.6







Regression on Simulated Dataset

A simulated dataset is used to demonstrate sparse regression.


[3]:





import pandas as pd
from orbit.utils.simulation import make_trend, make_regression
from orbit.diagnostics.metrics import mse







A few utilities from the package is used to generate simulated data. For details, please refer to the API doc. In brief, the process generates observations \(y\) such that









\[y_t = l_t + \sum_p^{P} \beta_p  x_{t, p}\]












\[\text{ for } t = 1,2, \cdots , T\]




where


\[l_t = l_{t-1} + \delta_t\]


\[\delta_t \sim N(0, \sigma_{\delta})\]


Regular Regression

To begin with, the setting \(P=10\) and \(T=100\) is used.


[4]:





NUM_OF_REGRESSORS = 10
SERIES_LEN = 50
SEED = 20210101
# sample some coefficients
COEFS = np.random.default_rng(SEED).uniform(-1, 1, NUM_OF_REGRESSORS)
trend = make_trend(SERIES_LEN, rw_loc=0.01, rw_scale=0.1)
x, regression, coefs = make_regression(series_len=SERIES_LEN, coefs=COEFS)
print(regression.shape, x.shape)













(50,) (50, 10)







[5]:





# combine trend and the regression
y = trend + regression








[6]:





x_cols = [f"x{x}" for x in range(1, NUM_OF_REGRESSORS + 1)]
response_col = "y"
dt_col = "date"
obs_matrix = np.concatenate([y.reshape(-1, 1), x], axis=1)
# make a data frame for orbit inputs
df = pd.DataFrame(obs_matrix, columns=[response_col] + x_cols)
# make some dummy date stamp
dt = pd.date_range(start='2016-01-04', periods=SERIES_LEN, freq="1W")
df['date'] = dt
df.shape








[6]:







(50, 12)






Here is a peek on the coefficients.


[7]:





coefs








[7]:







array([ 0.38372743, -0.21084054,  0.5404565 , -0.21864409,  0.85529298,
       -0.83838077, -0.54550632,  0.80367924, -0.74643654, -0.26626975])






By default, regression_penalty is set as fixed-ridge i.e.


\[\beta_j ~\sim \mathcal{N}(\mu_j, \sigma_j^2)\]

with a default \(\mu_j = 0\) and \(\sigma_j = 1\)


Fixed Ridge Penalty


[8]:





%%time
dlt_fridge = DLT(
    response_col=response_col,
    date_col=dt_col,
    regressor_col=x_cols,
    seed=SEED,
    # this is default
    regression_penalty='fixed_ridge',
    # fixing the smoothing parameters to learn regression coefficients more effectively
    level_sm_input=0.01,
    slope_sm_input=0.01,
    num_warmup=4000,
)
dlt_fridge.fit(df=df)













2024-03-19 23:42:19 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 1000 and samples(per chain): 25.





















































CPU times: user 81.8 ms, sys: 62.7 ms, total: 145 ms
Wall time: 2.65 s







[8]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a317b0d0>







[9]:





coef_fridge = np.quantile(dlt_fridge._posterior_samples['beta'], q=[0.05, 0.5, 0.95], axis=0 )
lw=3
idx = np.arange(NUM_OF_REGRESSORS)
plt.figure(figsize=(20, 8))
plt.title("Weights of the model", fontsize=20)
plt.plot(idx, coef_fridge[1], color=OrbitPalette.GREEN.value, linewidth=lw,  drawstyle='steps', label='Fixed-Ridge', alpha=0.5, linestyle='--')
plt.fill_between(idx, coef_fridge[0], coef_fridge[2], step='pre', alpha=0.3, color=OrbitPalette.GREEN.value)
plt.plot(coefs, color="black", linewidth=lw,  drawstyle='steps', label="Ground truth")
plt.ylim(1, -1)
plt.legend(prop={'size': 20})
plt.grid()












[image: ../_images/tutorials_regression_penalty_16_0.png]






Auto-Ridge Penalty

Users can also set the regression_penalty to be auto-ridge in case users are not sure what to set for the regressor_sigma_prior.

Instead of using fixed scale in the coefficients prior, a prior can be assigned to them, i.e.


\[\sigma_j \sim \text{Cauchy}^{+} {(0, \alpha)}\]

This can be done by setting regression_penalty="auto_ridge" with the argument auto_ridge_scale (default of 0.5) set the prior \(\alpha\). A higher adapt_delta is recommend to reduce divergence. Check here [https://mc-stan.org/rstanarm/reference/adapt_delta.html] for details of adapt_delta.


[10]:





%%time
dlt_auto_ridge = DLT(
    response_col=response_col,
    date_col=dt_col,
    regressor_col=x_cols,
    seed=SEED,
    # this is default
    regression_penalty='auto_ridge',
    # fixing the smoothing parameters to learn regression coefficients more effectively
    level_sm_input=0.01,
    slope_sm_input=0.01,
    num_warmup=4000,
)
dlt_auto_ridge.fit(df=df)













2024-03-19 23:42:23 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 1000 and samples(per chain): 25.





















































CPU times: user 88.3 ms, sys: 52.6 ms, total: 141 ms
Wall time: 4.08 s







[10]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a52ee510>







[11]:





coef_auto_ridge = np.quantile(dlt_auto_ridge._posterior_samples['beta'], q=[0.05, 0.5, 0.95], axis=0 )
lw=3
idx = np.arange(NUM_OF_REGRESSORS)
plt.figure(figsize=(20, 8))
plt.title("Weights of the model", fontsize=24)
plt.plot(idx, coef_auto_ridge[1], color=OrbitPalette.GREEN.value, linewidth=lw,  drawstyle='steps', label='Auto-Ridge', alpha=0.5, linestyle='--')
plt.fill_between(idx, coef_auto_ridge[0], coef_auto_ridge[2], step='pre', alpha=0.3, color=OrbitPalette.GREEN.value)
plt.plot(coefs, color="black", linewidth=lw,  drawstyle='steps', label="Ground truth")
plt.ylim(1, -1)
plt.legend(prop={'size': 20})
plt.grid();












[image: ../_images/tutorials_regression_penalty_21_0.png]





[12]:





print('Fixed Ridge MSE:{:.3f}\nAuto Ridge MSE:{:.3f}'.format(
    mse(coef_fridge[1], coefs), mse(coef_auto_ridge[1], coefs)
))













Fixed Ridge MSE:0.091
Auto Ridge MSE:0.075









Sparse Regrssion

In reality, users usually faces a more challenging problem with a much higher \(P\) to \(N\) ratio with a sparsity specified by the parameter relevance=0.5 under the simulation process.


[13]:





NUM_OF_REGRESSORS = 50
SERIES_LEN = 50
SEED = 20210101
COEFS = np.random.default_rng(SEED).uniform(0.3, 0.5, NUM_OF_REGRESSORS)
SIGNS = np.random.default_rng(SEED).choice([1, -1], NUM_OF_REGRESSORS)
# to mimic a either zero or relative observable coefficients
COEFS = COEFS * SIGNS
trend = make_trend(SERIES_LEN, rw_loc=0.01, rw_scale=0.1)
x, regression, coefs = make_regression(series_len=SERIES_LEN, coefs=COEFS, relevance=0.5)
print(regression.shape, x.shape)













(50,) (50, 50)







[14]:





# generated sparsed coefficients
coefs








[14]:







array([ 0.        ,  0.        , -0.45404565,  0.37813559,  0.        ,
        0.        ,  0.        ,  0.48036792, -0.32535635, -0.37337302,
       -0.42474576,  0.        , -0.37000755,  0.44887456,  0.47082836,
        0.        ,  0.32678039,  0.37436121,  0.38932392,  0.40216056,
        0.        ,  0.        , -0.3076828 , -0.35036047,  0.        ,
        0.        ,  0.        ,  0.        ,  0.        ,  0.        ,
       -0.45838674,  0.3171478 ,  0.        ,  0.        ,  0.        ,
        0.        ,  0.        ,  0.41599814,  0.        , -0.30964341,
       -0.42072894,  0.36255583,  0.        , -0.39326337,  0.44455655,
        0.        ,  0.        ,  0.30064161, -0.46083203,  0.        ])







[15]:





# combine trend and the regression
y = trend + regression








[16]:





x_cols = [f"x{x}" for x in range(1, NUM_OF_REGRESSORS + 1)]
response_col = "y"
dt_col = "date"
obs_matrix = np.concatenate([y.reshape(-1, 1), x], axis=1)
# make a data frame for orbit inputs
df = pd.DataFrame(obs_matrix, columns=[response_col] + x_cols)
# make some dummy date stamp
dt = pd.date_range(start='2016-01-04', periods=SERIES_LEN, freq="1W")
df['date'] = dt
df.shape








[16]:







(50, 52)








Fixed Ridge Penalty


[17]:





dlt_fridge = DLT(
    response_col=response_col,
    date_col=dt_col,
    regressor_col=x_cols,
    seed=SEED,
    level_sm_input=0.01,
    slope_sm_input=0.01,
    num_warmup=8000,
)
dlt_fridge.fit(df=df)













2024-03-19 23:42:27 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 2000 and samples(per chain): 25.




























































[17]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a6375650>







[18]:





coef_fridge = np.quantile(dlt_fridge._posterior_samples['beta'], q=[0.05, 0.5, 0.95], axis=0 )
lw=3
idx = np.arange(NUM_OF_REGRESSORS)
plt.figure(figsize=(20, 8))
plt.title("Weights of the model", fontsize=24)
plt.plot(coef_fridge[1], color=OrbitPalette.GREEN.value, linewidth=lw,  drawstyle='steps', label="Ridge", alpha=0.5, linestyle='--')
plt.fill_between(idx, coef_fridge[0], coef_fridge[2], step='pre', alpha=0.3, color=OrbitPalette.GREEN.value)
plt.plot(coefs, color="black", linewidth=lw,  drawstyle='steps', label="Ground truth")
plt.legend(prop={'size': 20})
plt.grid();












[image: ../_images/tutorials_regression_penalty_30_0.png]





LASSO Penalty

In high \(P\) to \(N\) problems, LASS0 penalty usually shines compared to Ridge penalty.


[19]:





dlt_lasso = DLT(
    response_col=response_col,
    date_col=dt_col,
    regressor_col=x_cols,
    seed=SEED,
    regression_penalty='lasso',
    level_sm_input=0.01,
    slope_sm_input=0.01,
    num_warmup=8000,
)
dlt_lasso.fit(df=df)













2024-03-19 23:42:37 - orbit - INFO - Sampling (CmdStanPy) with chains: 4, cores: 8, temperature: 1.000, warmups (per chain): 2000 and samples(per chain): 25.




























































[19]:







<orbit.forecaster.full_bayes.FullBayesianForecaster at 0x2a63b9150>







[20]:





coef_lasso = np.quantile(dlt_lasso._posterior_samples['beta'], q=[0.05, 0.5, 0.95], axis=0 )
lw=3
idx = np.arange(NUM_OF_REGRESSORS)
plt.figure(figsize=(20, 8))
plt.title("Weights of the model", fontsize=24)
plt.plot(coef_lasso[1], color=OrbitPalette.GREEN.value, linewidth=lw,  drawstyle='steps', label="Lasso", alpha=0.5, linestyle='--')
plt.fill_between(idx, coef_lasso[0], coef_lasso[2], step='pre', alpha=0.3, color=OrbitPalette.GREEN.value)
plt.plot(coefs, color="black", linewidth=lw,  drawstyle='steps', label="Ground truth")
plt.legend(prop={'size': 20})
plt.grid();












[image: ../_images/tutorials_regression_penalty_33_0.png]





[21]:





print('Fixed Ridge MSE:{:.3f}\nLASSO MSE:{:.3f}'.format(
    mse(coef_fridge[1], coefs), mse(coef_lasso[1], coefs)
))













Fixed Ridge MSE:0.186
LASSO MSE:0.106










Summary

This notebook covers a few choices of penalty in regression regularization. A lasso and auto-ridge can be considered in highly sparse data.
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Handling Missing Response

Because of the generative nature of the exponential smoothing models, they can naturally deal with missing response during the training process. It simply replaces observations by prediction during the 1-step ahead generating process. Below users can find the simple examples of how those exponential smoothing models handle missing responses.


[1]:





import pandas as pd
import numpy as np
import orbit
import matplotlib.pyplot as plt

from orbit.utils.dataset import load_iclaims
from orbit.diagnostics.plot import plot_predicted_data, plot_predicted_components
from orbit.utils.plot import get_orbit_style
from orbit.models import ETS, LGT, DLT
from orbit.diagnostics.metrics import smape

plt.style.use(get_orbit_style())

%load_ext autoreload
%autoreload 2

%matplotlib inline








[2]:





orbit.__version__








[2]:







'1.1.4.6'







Data


[3]:





# can also consider transform=False
raw_df = load_iclaims(transform=True)
raw_df.dtypes

df = raw_df.copy()
df.head()








[3]:
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Kernel-based Time-varying Regression - Part I

Kernel-based time-varying regression (KTR) is a time series model to address


	time-varying regression coefficients


	complex seasonality pattern




The full details of the model structure with an application in marketing media mix modeling can be found in Ng, Wang and Dai (2021). The core of KTR is the use of latent variables to define a smooth time varying representation of model coefficients, which bears a similar ideas in Kernel Smoothsing [https://en.wikipedia.org/wiki/Kernel_smoother]. The KTR approach sharply reduces the number of parameters compared to typical dynamic linear models such as Harvey (1989), and Durbin and Koopman
(2002). The reduced number of parameters improves the computation speed, and allows for handling of high dimensional data and detecting small variances.

To topics covered here in Part I, are


	KTR model structure


	syntax to initialize, fit and predict a model


	fit a model with complex seasonality


	visualization of prediction and decomposed components





[1]:





import numpy as np
import pandas as pd
import matplotlib.pyplot as plt


import orbit
from orbit.models import KTR
from orbit.diagnostics.plot import plot_predicted_data, plot_predicted_components
from orbit.utils.dataset import load_electricity_demand

%matplotlib inline
pd.set_option('display.float_format', lambda x: '%.5f' % x)








[2]:





print(orbit.__version__)













1.1.4.6







Model Structure

This section gives the mathematical structure of the KTR model. In short, it considers a time-series (\(y_t\)) as the linear combination of three parts which are the local-trend (\(l_t\)), seasonality (\(s_t\)), and regression (\(r_t\)) terms. Mathematically,


\[y_t = l_t + s_t + r_t +\epsilon_t,  ~ t = 1,\cdots, T,\]

where the \(\epsilon_t\) comprise a stationary random error process.

In KTR, the distinction between the local-trend, seasonality, and regressors while useful is semi-arbitrary and the time-series can also be considered as


\[y_t = X_t^T\beta_t + \epsilon_t,  ~ t = 1,\cdots, T,\]

where \(\beta_t\) is a \(P\)-dimensional vector of coefficients that vary over time (i.e., \(\beta_i\) is almost certainly different from \(\beta_j\) for \(i \neq j\)) and \(X_t\) \(P\)-dimensional covariate vector (i.e., the \(t\)th row of \(X\), the design matrix).

To reduce the total number of parameters in the model (potentially \(P \times T\)) the \(\beta_t\) are parameterized with a weighted sum of \(J\) local latent variables (\(b_1,..b_j,..b_J\)). That is


\[B = K b^T\]

where - coefficient matrix \(B\) has size \(T \times P\) with rows equal to the \(\beta_t\). - knot matrix \(b\) with size \(P\times J\); each entry is a latent variable \(b_{p, j}\). The \(b_j\) can be viewed as the “knots” from the perspective of spline regression and \(j\) is a time index such that \(t_j \in [1, \cdots, T]\). - kernel matrix \(K\) with size \(T\times J\) where the \(i\)th row and \(j\)th element can be viewed as
the normalized weight \(k(t_j, t) / \sum_{j=1}^{J} k(t_j, t)\)

For the level/trend,


\[l_t = \beta_{t, \text{lev}}\]

It can also be viewed as a dynamic intercept (where the regressor is a vector of ones).

For the seasonality,


\[B_{\text{seas}} = K_{\text{seas}}b^T_{\text{seas}}\]


\[s_t = X_{t, \text{seas}}\beta_{t, \text{seas}}\]

We use Fourier series to handle the seasonality; i.e., sin waves with varying periods are used for the columns of \(X_{ \text{seas}}\).

The details for the additional regressors are given in Part