Residual Correction In
Real-Time Traffic Forecasting

Daejin Kim*, Youngin Cho*, Dongmin Kim,
Cheonbok Park, and Jaegul Choo

(*equal contributions)

NAVER KAIST



Deep Learning for Traffic Forecasting

* Recently, several deep-learning-based models have been introduced for
traffic forecasting (e.g., DCRNN, STGCN, Graph-WaveNet, STAWnet...).

* Models take the graph information and the previous speed of each node as the
Input and predict the future speed of each node.
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Motivation

 Existing deep-learning-based traffic forecasting models do not leverage the
failures of their previous predictions.

You are
on the wrong
track!

AV

Ground truth

Its previous prediction failed?”

{ “Can't we just tell the model that ]




Motivation

* [t motivates us to design a model that takes the previous residual as the input
and corrects the original model.

You keep predicting higher
than the actual speed.
Predict lower.

Observe
previous failures

Calibration model



Residual in Traffic Forecasting

- Residuals Rt are defined as: target values Y — estimated values Y.
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Residual Autocorrelation

* In regression, the residuals (i.e., errors) should be independent of each other.

* Otherwise, there is some “predictable” information left after forecasting.

Rt Rt
‘Thereisstll Only unpredictable
predictable information noise remains.
In residuals. .
Correlated Residuals Uncorrelated Residuals

(Bad model) (Good model)



Residual Diagnhostics

 Autocorrelation function (ACF) plots are used for analyzing the residuals.

* ACF plots show the correlation between residuals and their lagged versions.
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Residual Diagnhostics

* |n existing forecasting models, the residuals are highly correlated
with their lagged versions (i.e., previous residuals).

* Deep-learning-based models still leave some predictable information!

— Highly correlated!
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Residual Diagnhostics

* |n traffic forecasting, the residuals of the node are not only correlated with its
own previous residuals, but also with the previous errors of neighboring nodes.

Current error may be
correlated with a past error
of a neighboring node.

Failure in previous step Failure in current step



Residual Diagnhostics

* We observed that the current residual of the node is highly correlated with the
previous residuals of its neighboring nodes.

* The graph structure should also be considered for addressing residual
autocorrelation.

w/o ResCAL w/o ResCAL
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How to Remove Autocorrelation?

[ 1. Find better forecasting model (New SOTA model!). J

* |deally, if the forecasting model is perfect, we don’t have to consider residuals.
« But... VERY CHALLENGING!
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How to Remove Autocorrelation?

[ 1. Find better forecasting model (New SOTA model!). J

* |deally, if the forecasting model is perfect, we don’t have to consider residuals.
« But... VERY CHALLENGING!

[ 2. Predict residuals and remove correlations DIRECTLY. ]

« Straightforward and simple.
« Compared to the original task, predicting residual is much easier.
« Compact and model-agnostic solution.

10



Can We Predict Residuals?

« We already know that residuals are highly correlated. => Predictable!

* The residuals do not appear randomly but appear based on previous ones.

In similar events, the model
repeats similar failures (
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Can We Predict Residuals?

« We already know that residuals are highly correlated. => Predictable!

* The residuals do not appear randomly but appear based on previous ones.

In similar events, the model

repeats similar failures :( (1) Estimate residuals
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Can We Predict Residuals?

« We already know that residuals are highly correlated. => Predictable!

* The residuals do not appear randomly but appear based on previous ones.

In similar events, the model

. - . 1) Estimate residuals 2) Calibrate predictions
repeats S|m|Iar fallures ( (1) (2) P
2.0
0.4 . . . . 2.0

1.5F A Al 1.5F

1.0} I 2T 1 1o}

0.5F — 0.0 0.5}

0.0

| 02t 1 -05}
—-0.5} RYBR
—10l .' | | —0.4 H{ — Real residual - -0 Ground truth

' — Ground truth 'n I'. |\ — Estimated residual (ResCAL) —15f — SeQZSeq + Cahbramon
1o Seq2seq L | ~0-% 100 200 300 400 500 g 500
-2.0 . . - . .
0 100 200 300 400 500 Time Tlme

Time

11



Residual Correction

Xt 2 Xt 1 Xt Xt+1 Xt+2 Xt+3
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Residual Correction

Xt 2 Xt 1 Xt Xt+1 Xt+2 Xt+3
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Residual Correction
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Residual Correction
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Residual Correction: Model

« Estimating residual is similar to the original traffic forecasting.

« Our ResCAL, consisting of spatial-temporal layers, is trained to estimate
the future residuals with the previous residuals.
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Residual Correction: Example

e e ' ~™ 1. The base model (e.g., STGCN)
= \J‘W/ | makes the initial predictions
5N oredited | (may be wrong).

Time OO 5‘0 l(I)O 150 200
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Residual Correction: Example
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14



Residual Correction: Example
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= makes the initial predictions

5 PN oreoren (may be wrong).

Time 0O 5‘0 1(I)O 150 200

20 l

B 2. Using the previous residuals,

E-tof Real v ResCAL estimates the future residuals.
_z0|| — Estimated error

1 I f‘ ] I
Time 0 50 100 150 200

__60f
g sl 3. Now, we can calibrate the
E 20 || = Ground truth pred|Ct|0nS.

@ —— (Calibrated

Time 00 5‘0 1(I)O 150 200

14



Residual Correction: Results

 To validate that our model successfully corrects the base model,

we focus on the region where the base model failed.
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15mi 30mi 60mi
Data Models min min mim
MAE RMSE MAPE | MAE RMSE MAPE | MAE RMSE MAPE
DCRNN [17] 14.53 16.31 48.63% 16.98 18.93 60.79% 20.03 22.00 75.27T%
+ Calibration 13.46 15.44 44.22% 16.26 18.38 57.37% 19.45 21.54 73.13%
5 STGCN [27] 15.29 16.93 53.19% 17.94 19.78 65.91% 21.17 23.00 82.76%
EI + Calibration 12.77 15.07 43.55% 15.79 18.18 57.50% 19.10 21.44 73.93%
E Graph WaveNet [26] 13.39 15.06 41.49% 16.15 17.99 54.92% 19.08 20.93 69.24%
+ Calibration 13.28 14.99 41.45% 16.03 17.93 54.43% 18.94 20.85 68.34%
STAWnet [21] 13.56 15.30 43.75% 16.15 18.10 56.00% 19.00 21.00 68.44%
+ Calibration 13.17 14.98 42.24% 15.87 17.89 54.88% 18.80 20.84 68.21%
DCRNN [17] 441 6.07 10.51% 5.95 8.45 15.36% 7.50 10.53 20.39%
+ Calibration 4.25 5.93 10.07% 5.65 8.15 14.37% 6.94 10.00 18.60%
E STGCN [27] 6.42 7.95 15.88% 7.50 9.44 19.39% 8.74 11.03 23.50%
/M + Calibration 3.88 591 9.55% 541 8.00 14.36% 6.84 9.78 18.94%
%)
E Graph WaveNet [26] 4.36 5.89 10.45% 5.72 7.97 14.46% 6.89 9.50 18.07%
A + Calibration 4.28 5.87 10.07% 5.63 7.93 14.21% 6.81 9.46 18.02%
STAWnet [21] 4.38 5.96 10.34% 5.71 7.91 14.51% 6.75 9.29 18.07%
+ Calibration 4.27 5.87 10.07% 5.62 7.88 14.23% 6.70 9.27 17.77%
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Revisit: Residual Diagnhostics

 Originally, the residuals of the existing models were highly correlated
with their lagged versions (i.e., previous residuals).

« After calibration, the residuals are almost independent of the previous ones!
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Revisit: Residual Diagnhostics

 Originally, the residuals of the existing models were highly correlated
with their lagged versions (i.e., previous residuals).

« After calibration, the residuals are almost independent of the previous ones!
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Revisit: Residual Diagnhostics

 Originally, the current residual of the node is highly correlated with the previous
residuals of its neighboring nodes.

« After calibration, the correlation with the previous residuals of other nodes
almost disappears.

w/o ResCAL w/o ResCAL
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Revisit: Residual Diagnhostics

* Originally, the current residual of the node is highly correlated with the previous

« After calibration, the correlation with the previous residuals of other nodes

Prediction at time t

residuals of its neighboring nodes.

almost disappears.
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Conclusion

* We observed that the residual autocorrelation could not be properly addressed
by existing deep-learning-based models.

* |In this work, we proposed a novel method for calibrating the predictions of
traffic forecasting models using their previous residuals.

* In the experiments, we confirmed that our method leaves only unpredictable
noise and removes the residual autocorrelation.

‘*%W‘"’j
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Thank you

Please refer to our paper for more details!
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21 ResCAL: Fst

Figure 1: Using the pretrained traffic forecasting model, our
proposed ResCAL calibrates the predictions by estimating
the errors (residuals), e, failures of a model, and further
improves the prediction performance. In traffic forecasting,
predicting future errors is quite feasible since the previous
errors from the model can be correlated with the current

prediction.
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1 INTRODUCTION
Despite its high practicality., traffic forecasting is a complex task
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