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Goal: Perform nearly as well as best constant decision in hindsight

Optimistic Online Learning

Total loss of 
online learner

Total loss of best 
constant decision
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Paradigm for sequential decision making
Each day  

1. Observe hint about future loss function (e.g., an estimate of      )
2. Make decision  
3. Suffer loss 
4. Use loss function        to improve future decisions

`t(wt)
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MultiLLR Neural Ensemble

Optimistic Online Learning: Why?
Subseasonal climate forecasting
•Predicting temperature and precipitation 2-6 weeks in advance
•Forecasts issued daily, weekly, or semimonthly
•Diverse collection of forecasting models to choose from
•At least one model performs well each year (but unclear which a priori)
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Goal: Each year, perform nearly as well as best single model in hindsight

Optimistic Online Learning: Why?
Subseasonal climate forecasting
•Predicting temperature and precipitation 2-6 weeks in advance
•Forecasts issued daily, weekly, or semimonthly
•Diverse collection of forecasting models to choose from
•At least one model performs well each year (but unclear which a priori)

Perfect fit? Real-time 
forecasting loss

Total loss of best 
single model
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Online Learning for Subseasonal Forecas;ng
Challenges This talk: New algorithms with

❌ Delayed feedback 
Must issue multiple forecasts before 
observing feedback about the first

❌ Short regret horizons 
Want small regret after only T=26 
semimonthly forecasts

❌ Impractical hyperparameters
Standard settings based on worst-
case future losses: challenging to 
implement / overly conservative

✔ OpMmal regret under delay
Even variable and unbounded delays

✔ Hints for missed feedback
MiCgate the impact of delay

✔ No hyperparameters!

✔ Learning to hint wrapper
Learn effecCve hinCng strategies
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Follow the Regularized Leader (FTRL) [Abernethy et al., 2008]

• Minimize sum of linearized losses + strongly convex regularizer (w.r.t. norm )

Online Mirror Descent (OMD) [Warmuth & Jagakota, 1997]

• Minimize latest linearized loss while staying close to last decision point

Standard Online Learning Algorithms
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Optimistic FTRL (OFTRL) [Rakhlin & Sridharan, 2013]

• Benefit: reduced regret whenever            approximates            well

Single-step Optimistic OMD (SOOMD) [Joulani et al., 2017]

Online Learning with Op;mism
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Hint vector: Estimate of future feedback 
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Problem:

Online Learning with Delay

Unobservable

(SOOMD)

(OFTRL)

Paradigm for sequenMal decision making with delayed feedback
Each day  

1. Observe hint about future loss funcZon (e.g., an esZmate of      )
2. Make decision  
3. Observe delayed loss 
4. Use delayed loss funcZon            to improve future decisions

wt 2 W

<latexit sha1_base64="I1yMaLIM05WqKy8m1167oOjqxHk=">AAACBHicbVDLSsNAFL2pr1pfUZfdDBbBVUmkoIKLghuXFewDmhAm00k7dDIJMxOlhC7c+CtuXCji1o9w5984fQjaeuDC4Zx7ufeeMOVMacf5sgorq2vrG8XN0tb2zu6evX/QUkkmCW2ShCeyE2JFORO0qZnmtJNKiuOQ03Y4vJr47TsqFUvErR6l1I9xX7CIEayNFNhlL8Z6EEb5/TjQyGMC/QjtcWBXnKozBVom7pxUYI5GYH96vYRkMRWacKxU13VS7edYakY4HZe8TNEUkyHu066hAsdU+fn0iTE6NkoPRYk0JTSaqr8nchwrNYpD0zm5UC16E/E/r5vp6NzPmUgzTQWZLYoyjnSCJomgHpOUaD4yBBPJzK2IDLDERJvcSiYEd/HlZdI6rbq16sVNrVK/nMdRhDIcwQm4cAZ1uIYGNIHAAzzBC7xaj9az9Wa9z1oL1nzmEP7A+vgGE2CYXw==</latexit>

t = 1, . . . , T
<latexit sha1_base64="LN3YbE5r8uyNx6FBF9bZjmS/s6E=">AAAB+HicbVBNS0JBFL3Pvsw+fNWyzZAELUTes6A2gdSmpYGaoA+ZN87TwXkfzNwXmPhL2rQoom0/pV3/plHforQDA4dz7uHeOX4ihUbH+bZya+sbm1v57cLO7t5+0T44bOk4VYw3WSxj1fap5lJEvIkCJW8nitPQl/zBH93O/IdHrrSIowaOE+6FdBCJQDCKRurZRSTXxC2Tbj9GXSaNnl1yKs4cZJW4GSlBhnrP/jJRloY8Qiap1h3XSdCbUIWCST4tdFPNE8pGdMA7hkY05NqbzA+fklOj9EkQK/MiJHP1d2JCQ63HoW8mQ4pDvezNxP+8TorBlTcRUZIij9hiUZBKgjGZtUD6QnGGcmwIZUqYWwkbUkUZmq4KpgR3+curpFWtuOeV6v1FqXaT1ZGHYziBM3DhEmpwB3VoAoMUnuEV3qwn68V6tz4WozkryxzBH1ifPxDzkWk=</latexit>

`t

<latexit sha1_base64="s1Ph5Yxv3HfBmKNgibMB+FItn70=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoIKHghePFewHtKFstpN27WYTdjdCCf0PXjwo4tX/481/47bNQVsfDDzem2FmXpAIro3rfjuFtfWNza3idmlnd2//oHx41NJxqhg2WSxi1QmoRsElNg03AjuJQhoFAtvB+Hbmt59QaR7LBzNJ0I/oUPKQM2qs1OqhEH3TL1fcqjsHWSVeTiqQo9Evf/UGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m187JWdWGZAwVrakIXP190RGI60nUWA7I2pGetmbif953dSEV37GZZIalGyxKEwFMTGZvU4GXCEzYmIJZYrbWwkbUUWZsQGVbAje8surpHVR9WrV6/tapX6Tx1GEEziFc/DgEupwBw1oAoNHeIZXeHNi58V5dz4WrQUnnzmGP3A+fwCcuo8o</latexit>

<latexit sha1_base64="Bbm3GIgGRLcZHlWb368PITAozRs="></latexit>

`t�D(wt�D)
<latexit sha1_base64="e8ReLvd+b9TJdj+5dePjUS64JWU="></latexit>

`t�D

<latexit sha1_base64="70J0WzXfpOzdUPpxQIWUuxa/yW8="></latexit>

wt+1 = argmin
w2W

hg1:t + g̃t+1,wi+ � (w)

<latexit sha1_base64="NIfZAL3/s4h7DJUumEC6plnk4NI="></latexit>

wt+1 = argmin
w2W

hgt + g̃t+1 � g̃t,wi+ B� (w,wt)

8



OpMmisMc Delayed FTRL (ODFTRL) [This work]

Delayed OpMmisMc OMD (DOOMD) [This work]

Online Learning with Optimism and Delay

<latexit sha1_base64="8ZM9i6Rxpw8PiqJtY1WrdRQprQ4="></latexit>
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Hint vector: Estimate of future and missed feedback 
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Delay as Optimism

• Key property: SOOMD depends on      and         only through 

• Not saMsfied by more common (two-step) opMmisMc OMD algorithms
[Chiang et al., 2012; Rakhlin & Sridharan, 2013a;b; Kamalaruban, 2016]

Lemma [This work]

DOOMD     is

SOOMD

with a really bad hint
<latexit sha1_base64="rOqMMVTmV4cL4hctsBm4AotszYo="></latexit>
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Delay as Op;mism

• Strictly improves past OFTRL guarantees [Rakhlin & Sridharan (2013a); Mohri & Yang (2016); 
Orabona (2019, Thm. 7.28); Joulani et al. (2017, Sec. 7.2)] 

• Demonstrates robustness to inaccurate hints
• Same holds true for SOOMD (see our write-up)

Any regret bound for op/mis/c learning immediately 
implies a regret bound for delayed learning.

New guarantee for optimistic online learning

<latexit sha1_base64="t7Idxbs5Iy+JeI7m8qx9TT627us="></latexit>

huber(kgt � g̃tk⇤, kgtk⇤) =

8
><

>:

0 for perfect hints g̃t = gt
1
2kgt � g̃tk2⇤ for small hint errors kgt � g̃tk⇤
kgt � g̃tk⇤kgtk⇤ � 1

2kgtk2⇤ for large hint errors kgt � g̃tk⇤
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Delay as Op;mism

• Compounding of regret due to delay
• Best      yields                                 regret, rate optimal in worst case [Weinberger & Ordentlich, 2002]

• Heightened value of optimism
• Can mitigate delay by hinting at both missed and future subgradients 

• Strengthens analyses of special cases: 
[Hsieh et al., 2020; Quanrud & Khashabi 2015; Korotin et al., 2020]

• McMahan & Streeter [2014]: similar bound for unoptimistic scalar gradient descent

Any regret bound for op/mis/c learning immediately 
implies a regret bound for delayed learning.

First general analysis of delayed FTRL (see Hsieh et al. [2020] for concurrent work) 

<latexit sha1_base64="P5+FLQnLHi9N/Hf9kQ9nXjdBf00="></latexit>

�
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p

(D + 1)T )
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s=t�D gsk⇤ ⌧
Pt�1

s=t�D kgsk⇤
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Tuning Regularizers with Optimism and Delay

• Issue: How do we pick the regularizaMon parameter      in pracMce?

• Ideal: minimizes regret bound but is unobservable

• Two pracMcal strategies
1. Tuning-free algorithms (DORM and DORM+): independent of    , opZmally tuned!
2. Self-tuning strategy (AdaHedgeD): adapZvely sets      near-opZmally

<latexit sha1_base64="P5+FLQnLHi9N/Hf9kQ9nXjdBf00="></latexit>

�

<latexit sha1_base64="P5+FLQnLHi9N/Hf9kQ9nXjdBf00="></latexit>

�

<latexit sha1_base64="zIOZxjlulwnl1I/UpPfTCRV4bjc="></latexit>

� =

s PT
t=1 bt,F

supu2U  (u)

<latexit sha1_base64="P5+FLQnLHi9N/Hf9kQ9nXjdBf00="></latexit>

�
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Regret Matching and Regret Matching+

• RM developed for finding correlated equilibria in two-player games

• RM+ solved Heads-up Limit Texas Hold’em poker [Bowling et al., 2015]
• Each  represents a convex combination of input model forecasts
• Do not account for delay or optimism
• Regret guarantees are suboptimal for large d [Cesa-Bianchi & Lugosi, 2006; Orabona & Pal, 2015]

Regret Matching (RM) [Blackwell, 1956]

Regret Matching+ (RM+) [Tammelin et al., 2015]
<latexit sha1_base64="IKjN4tci4EWYpsYV7m+G85A+LGE="></latexit>

wt+1 = w̃t+1/h1, w̃t+1i for rt , 1hgt,wti � gt,

w̃t+1 , max
�
0, w̃t + rt/�

�
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wt+1 = w̃t+1/h1, w̃t+1i for rt , 1hgt,wti � gt,

w̃t+1 , max(0, r1:t/�)
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wt 2 W = 4d�1
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Delayed Optimistic Regret Matching (+)
Delayed Op*mis*c Regret Matching (DORM) [This work]

Delayed Op*mis*c Regret Matching+ (DORM+) [This work]

• Each  represents a convex combination of input model forecasts
• Will choose              to obtain optimal dependence of regret on dimension d
• Generalize

•RM [Blackwell, 1956] and RM+ [Tammelin et al., 2015]
•Undelayed optimistic RM with q = 2 independently developed by Farina et al. [2021]

<latexit sha1_base64="IxklgVcRdJ1Z5BBxX7Ew55lwiRY="></latexit>

wt 2 W = 4d�1
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wt+1 = w̃t+1/h1, w̃t+1i for rt�D , 1hgt�D,wt�Di � gt�D,

w̃t+1 , max(0, (r1:t�D + ht+1)/�)
q�1

<latexit sha1_base64="6+NZ/OLKq0MfAEyflLXhL2qcBRY="></latexit>

wt+1 = w̃t+1/h1, w̃t+1i for rt�D , 1hgt�D,wt�Di � gt�D,

w̃t+1 , max
�
0, w̃p�1

t + (rt�D + ht+1 � ht)/�
�q�1

, and p = q
q�1

<latexit sha1_base64="f/ubWI1TrZLkbapGy8gjxRSV3Sk="></latexit>

q � 2
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Delayed Optimistic Regret Matching (+)

<latexit sha1_base64="nhISkLDq4O2yAz6CMehf9KwUf3E="></latexit>

Corollary 1. For all u 2 4d�1, DORM satisfies

RegretT (u)  inf
�>0

�
2 kuk

2
p +

1
�(p�1)

PT
t=1 bt,q =

q
kuk2

p

2(p�1)

PT
t=1 bt,q

for bt,q = huber(kht �
Pt

s=t�D rskq, krtkq).

<latexit sha1_base64="sQ4v/sq4fSUj+uNC8TMsX+rGdhs="></latexit>

Lemma 1. The DORM and DORM+ iterates wt are

1. Proportional to ODFTRL and DOOMD iterates with W , Rd
+,

 (w) =
1
2kwk2p, and surrogate loss ˆ̀

t(w) = hw,�rti.

2. Independent of the choice of � ) Automatically optimally tuned
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Delayed Op;mis;c Regret Matching (+)

<latexit sha1_base64="pGKrXO7Hmpkmcwbr5kFvBEUwcUE="></latexit>

Corollary 1. For all u 2 4d�1, if DORM q = argmin
r�2

d2/r(r � 1)

then RegretT (u) 
p

(2 log2(d)� 1)
PT

t=1 bt,1.

OpCmal dimension dependence!
[Cesa-Bianchi & Lugosi, 2006]
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Lemma 1. The DORM and DORM+ iterates wt are

1. Proportional to ODFTRL and DOOMD iterates with W , Rd
+,

 (w) =
1
2kwk2p, and surrogate loss ˆ̀

t(w) = hw,�rti.

2. Independent of the choice of � ) Automatically optimally tuned
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Optimistic Delayed Adaptive FTRL (ODAFTRL) [This work]

Adap;ve Learning with Op;mism and Delay

• Delay mitigation from accurate hints + robustness to hinting error 
• Improves undelayed bounds of [Rakhlin & Sridharan, 2013a; Mohri & Yang, 2016; 

Joulani et al., 2017] and concurrent unoptimistic bound of Hsieh et al. [2020]

• Bounded-domain factors          enable practical      -tuning strategies under delay 
without any prior knowledge of unobserved subgradients

Time-varying 
regularization strength

<latexit sha1_base64="K090ZeUV1uU0ZvlqS2b8vNM4/RI="></latexit>

Theorem 1 (ODAFTRL regret). If  is nonnegative and �t is non-decreasing
in t, then, 8u 2 W, the ODAFTRL iterates wt satisfy

RegretT (u)  �T (u) +
PT

t=1 min(
bt,F

�t
, at,F ) with

bt,F , huber(kht �
Pt

s=t�D gsk⇤, kgtk⇤) and

at,F , diam(W)min
�
kht �

Pt
s=t�D gsk⇤, kgtk⇤

�
.

<latexit sha1_base64="YC1iqrkwSq8+pc8dcjfM2OcNLI4="></latexit>

wt+1 = argmin
w2W

hg1:t�D + ht+1,wi+ �t+1 (w)

<latexit sha1_base64="FQwEzuWpA/kkuMWg7prx0zMsPr4="></latexit>

�t
<latexit sha1_base64="DB6ojlxpzSsEBQkCbTU35hXnPXM="></latexit>at,F
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Adaptive Tuning with Optimism and Delay

• Issue: How do we pick the regularization sequence       ?
• Ideal:                                      nearly optimizes regret bound but unobservable
• Standard approach [Joulani et al., 2016; McMahan & Streeter, 2014; Hsieh et al., 2020]

• Uniformly upper bound unobserved            terms
• Requires bound on any subgradient norm that could arise: impractical or very loose!

• Our approach: Set       based on tighter regret bound underlying theorem

<latexit sha1_base64="K090ZeUV1uU0ZvlqS2b8vNM4/RI="></latexit>

Theorem 1 (ODAFTRL regret). If  is nonnegative and �t is non-decreasing
in t, then, 8u 2 W, the ODAFTRL iterates wt satisfy

RegretT (u)  �T (u) +
PT

t=1 min(
bt,F

�t
, at,F ) with

bt,F , huber(kht �
Pt

s=t�D gsk⇤, kgtk⇤) and

at,F , diam(W)min
�
kht �

Pt
s=t�D gsk⇤, kgtk⇤

�
.

<latexit sha1_base64="YC1iqrkwSq8+pc8dcjfM2OcNLI4="></latexit>

wt+1 = argmin
w2W

hg1:t�D + ht+1,wi+ �t+1 (w)

<latexit sha1_base64="Wxr6XzVqe91Hgb7bd/zBCbuAwTM="></latexit>

�t =
q Pt

s=1 bs,F

supu2U  (u)

<latexit sha1_base64="7sWwnDtVSe51C/szbO2H3gcga8w="></latexit>

�t

<latexit sha1_base64="7sWwnDtVSe51C/szbO2H3gcga8w="></latexit>

�t
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bs,F
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AdaHedgeD

• Rate-optimal delay dependence in the worst case

• Nearly matches optimally tuned regret bound in hindsight

• No prior knowledge of future subgradients required

• Generalizes popular AdaHedge algorithm [Erven et al., 2011] by incorporating 
delay, optimism, and tighter regret bounds to mitigate impact of delay

<latexit sha1_base64="0vHYcR+hw2Rgfpwui8sRuHq9UKY="></latexit>

Theorem 1 (AdaHedgeD regret). For ↵ > 0, consider the AdaHedgeD sequence

�t+1 = 1
↵

Pt�D
s=1 �s for �t , B(wt,�t,g1:t,ht).

If  is nonnegative, then, for all u 2 W, the ODAFTRL iterates satisfy

RegretT (u) 
� (u)

↵ + 1
��
2maxt2[T ] at�D:t�1,F +

qPT
t=1 a

2
t,F + 2↵bt,F

�
.

<latexit sha1_base64="/rL1O6LuiIHPZNILKi3w/98NDXI="></latexit>

O(
p

(D + 1)T +D)
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Subseasonal Climate Forecas;ng

24



Source: hBps://iri.columbia.edu/news/qa-subseasonal-predicIon-project/ 25



Subseasonal Forecasting: What and Why?

• What: PredicMng temperature and precipitaMon 2 – 6 weeks out

• Why: (White et al., 2017, Meteorological ApplicaQons)

• AllocaZng water resources
• Managing wildfires
• Preparing for weather extremes 

• e.g., droughts, heavy rainfall, and flooding
• Crop planZng, irrigaZon scheduling, and 

ferZlizer applicaZon
• Energy pricing
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Subseasonal Forecas;ng: What and Why?

• What: Predicting temperature and precipitation 2 – 6 weeks out

• Why: (White et al., 2017, Meteorological Applications)

• Allocating water resources
• Managing wildfires
• Preparing for weather extremes 

• e.g., droughts, heavy rainfall, and flooding
• Crop planting, irrigation scheduling, and 

fertilizer application
• Energy pricing
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U.S. Bureau of Reclamation
• “The mission of the [USBR] is to manage, 

develop, and protect water and related 
resources in an environmentally and 
economically sound manner in the interest of 
the American public.”
• Manages water in 17 western states

• Provides 1 out of 5 Western farmers with 
irrigaCon water for 10 million farmland acres

• Generates enough electricity to power 3.5M U.S. 
homes

• “During the past eight years, every state in 
the Western United States has experienced 
drought that has affected the economy both 
locally and na7onally through impacts to 
agricultural produc7on, water supply, and 
energy.”

Credit: David Raff, USBR 27



Subseasonal Forecasts

• Four separate forecasting tasks
• Two variables: average temperature (degrees C) and total precipitation (mm)
• Two outlooks: weeks 3-4 and weeks 5-6 (forecast is over a 2-week period)

• Issued on a 1∘×1∘ latitude-longitude grid (G = 514 grid points)
• Issued every two weeks

over a year (T = 26)

2



Our temperature forecast Our skill: -0.0077Our precipitation forecast

29



Subseasonal Evaluation

For each 2-week period starMng on date t, forecasts judged on geographic 
root mean squared error (RMSE) between observed and predicted vectors of 
temperature or precipitaMon %" and &%" ∈ ℝ#

• MulZtask objecZve funcZon: couples together the G per-grid point forecasZng tasks

<latexit sha1_base64="soDLPimK4Q1cV7DsdWmblHwWYkY="></latexit>

rmse(ŷt,yt) =
q

1
G

PG
g=1(ŷt,g � yt,g)2
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Our SubseasonalRodeo Dataset

• To train and evaluate our models, we constructed a SubseasonalRodeo
dataset from diverse data sources

• Released via the Harvard Dataverse https://doi.org/10.7910/DVN/IHBANG

31
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Our SubseasonalRodeo Dataset

• To train and evaluate our models, we constructed a SubseasonalRodeo
dataset from diverse data sources
• Released via the Harvard Dataverse https://doi.org/10.7910/DVN/IHBANG

• Organized as a collection of Python Pandas objects in HDF5 format
• Spatial variables (vary with the target grid point but not the target date)
• Temporal variables (vary with the target date but not the target grid point) 
• Spatiotemporal variables (vary with both the target grid point and the target date)

• Gridded data interpolated to 1∘×1∘ grid (using distance-weighted average 
interpolation) and restricted to contest grid points
• Daily measurements replaced with averages (or, for precipitation, sums) 

over ensuing 2-week period
1

https://doi.org/10.7910/DVN/IHBANG


A Few of Our Forecas;ng Models

Question: How do we choose a single forecast to issue each day?

Climatology++

Predict mean or 
geometric median 
observa8on in 
adap8vely selected 
window around 
target date.

CFSv2++

Learned correction 
for operational 
physics-based 
numerical weather 
prediction. 

Neural Ensemble

Neural network 
ensemble using sea 
surface temperature 
features.

Persistence++

Learned combination 
of physics-based 
forecasts, lagged 
measurements, and 
climatology.

Best in
2011, 2013, 2019, 2020

Best in
2016, 2017

Best in
2012

Best in
2014, 2015, 2018
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Answer: Online learning (with optimism and delay)!
• Select weights                   to predict a convex combination of input forecasts

• Goal: Perform nearly as well as best model each year in 2011-2020
• Loss: 
• Algorithms: DORM, DORM+, AdaHedgeD

MultiLLR Neural Ensemble

<latexit sha1_base64="KAy8idrieZcjGt7atxdgkb1aoxg=">AAACAHicbVBNS8NAEN34WetX1YMHL4tF8FQSFfVY1IPHCvYDmhA22027dLMJuxOlhF78K148KOLVn+HNf+OmzUFbHww83pthZl6QCK7Btr+thcWl5ZXV0lp5fWNza7uys9vScaooa9JYxKoTEM0El6wJHATrJIqRKBCsHQyvc7/9wJTmsbyHUcK8iPQlDzklYCS/su9GBAZBmD2OfcAul9i9YQKIX6naNXsCPE+cglRRgYZf+XJ7MU0jJoEKonXXsRPwMqKAU8HGZTfVLCF0SPqsa6gkEdNeNnlgjI+M0sNhrExJwBP190RGIq1HUWA683P1rJeL/3ndFMJLL+MySYFJOl0UpgJDjPM0cI8rRkGMDCFUcXMrpgOiCAWTWdmE4My+PE9aJzXnvHZ6d1atXxVxlNABOkTHyEEXqI5uUQM1EUVj9Ixe0Zv1ZL1Y79bHtHXBKmb20B9Ynz+OQ5Zi</latexit>

wt 2 �

Online Learning for Subseasonal Forecas3ng

<latexit sha1_base64="HIUY9VJGiX3Pw3ACKyAVviTBcAM="></latexit>

`t(w) = rmse(yt, Ŷ tw)

<latexit sha1_base64="ARIhxOaIsZgsKq5UJTvy8u3hxY4="></latexit>

Ŷ t =

1



Hin;ng with Delay

Hinting strategies

• [don’t hint!]

• [use the last D+1 subgradients]

• [replicate mean of all subgradients]

• [replicate most recent subgradient]

<latexit sha1_base64="rRJNbEQZkunIUf5HLtsKSJX0POA="></latexit>

prev g : ht+1 = gt�2D:t�D

<latexit sha1_base64="qAMNoh1sr41osMmPSciB3kRQHwQ="></latexit>

none : ht+1 = 0

<latexit sha1_base64="SoctT2qokgHqn5vIz2CgpzGbiqE="></latexit>

mean g : ht+1 = D+1
t�D g1:t�D

<latexit sha1_base64="q/ab25539PNgrpquCHbPwccP8m4="></latexit>

recent g : ht+1 = (D + 1)gt�D
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Table 1: Average RMSE of 2011-2020 semimonthly forecasts: The online learners compare favorably
with the best input models and learn to downweight lower-performing candidates, like the worst models.

AdaHedgeD DORM DORM+ Model1 Model2 Model3 Model4 Model5 Model6

P3-4 21.726 21.731 21.675 21.973 22.431 22.357 21.978 21.986 23.344
P5-6 21.868 21.957 21.838 22.030 22.570 22.383 22.004 21.993 23.257
T3-4 2.273 2.259 2.247 2.253 2.352 2.394 2.277 2.319 2.508
T5-6 2.316 2.316 2.303 2.270 2.368 2.459 2.278 2.317 2.569
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Precip. Weeks 3-4

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

°2

°1

0

1

2
Yearly average regret (RMSE loss)

AdaHedgeD (RMSE: 21.726)

DORM (RMSE: 21.731)

DORM+ (RMSE: 21.675)

Takeaway: Small average regret each year despite only T = 26 observations per year
37



Precip. Weeks 3-4, 2019

Nov Jan Mar May Jul Sep

°2

°1

0

1

Yearly average regret (RMSE loss)

AdaHedgeD (RMSE: 20.060)

DORM (RMSE: 20.123)

DORM+ (RMSE: 20.053)

Zero regret =
Performance of 

best input model

Positive regret

NegaZve regret

T = 26
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Precip. Weeks 3-4

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

°2

°1

0

1

2
Yearly average regret (RMSE loss)

AdaHedgeD (RMSE: 21.726)

DORM (RMSE: 21.731)

DORM+ (RMSE: 21.675)

Takeaway: Small average regret each year despite only T = 26 observaZons per year
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Impact of Regulariza;on: Temp. Weeks 3-4, 2019

Nov Jan Mar May Jul Sep

0

50

100

150
Regularization ∏t

AdaHedgeD (∏T = 3.005)

DUB (∏T = 142.881)

Nov Jan Mar May Jul Sep
0.0

0.2

0.4

0.6

0.8

1.0
DUB weights wt

Model1

Model2

Model3

Model4

Model5

Model6

Nov Jan Mar May Jul Sep

AdaHedgeD weights wt

Nov Jan Mar May Jul Sep

DORM+ weights wt

Evolution of regularization and model weights for DORM+, AdaHedgeD, and 
DUB (a more conservative tuning strategy based on a looser regret bound)

Takeaway: AdaHedgeD and DORM+ are much more 
adaptive to changing model quality 40



Impact of Optimism: Precip Weeks 3-4, DORM+

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

°2

°1

0

1

Yearly average regret (RMSE loss)

learned (RMSE: 21.745)

mean g (RMSE: 21.830)

none (RMSE: 21.796)

prev g (RMSE: 21.727)

recent g (RMSE: 21.675)

• none outperformed by all hinting strategies except mean_g
• recent_g performs best on all four tasks 41



Observation: DORM, DORM+, & AdaHedgeD all admit bounds of the form

(e.g., for DORM)

Idea: Combine m different hinting strategies using delayed online learning!

• Combo hint for hint matrix and

Learning to Hint with Delay

<latexit sha1_base64="fAP8pKIs3jEH9wS1AI95FX+yvl4="></latexit>

ft(ht) = krtkqkht � rt�D:tkq

<latexit sha1_base64="mbPQ+g6v01rXY2Xe8NnLgnWWAHI="></latexit>

ht(!) = Ht!
<latexit sha1_base64="TS4ENg5bGXKRmifOXO5RXNcj298="></latexit>

Ht
<latexit sha1_base64="T6vMP5IqgaIWrlALjuO1mAi25yo="></latexit>

! 2 4m�1

<latexit sha1_base64="oka3FKC7PJX6wVV95zslzIk+yxU="></latexit>

Theorem 1. If the base online learner satisfies (*) then learning to hint with

DORM+ satisfies

RegretT (u)  C0(u) + C1(u)
q
inf!2⌦

PT
t=1 ft(ht(!)) + o(

p
(D + 1)T ).

42
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(⇤) RegretT (u)  C0(u) + C1(u)
qPT

t=1 ft(ht) for ft convex



Impact of Op;mism: Precip Weeks 3-4, DORM+

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

°2

°1

0

1

Yearly average regret (RMSE loss)

learned (RMSE: 21.745)

mean g (RMSE: 21.830)

none (RMSE: 21.796)

prev g (RMSE: 21.727)

recent g (RMSE: 21.675)

• none outperformed by all hinMng strategies except mean_g
• recent_g performs best on all four tasks; learned is compeMMve default 43



Online Learning for Subseasonal Forecas;ng
Challenges This talk: New algorithms with

❌ Delayed feedback 
Must issue multiple forecasts before 
observing feedback about the first

❌ Short regret horizons 
Want small regret after only T=26 
biweekly forecasts

❌ Impractical hyperparameters
Standard settings based on worst-
case future losses: challenging to 
implement / overly conservative

✔ OpMmal regret under delay
Even variable and unbounded delays

✔ Hints for missed feedback
MiCgate the impact of delay

✔ No hyperparameters!

✔ Learning to hint wrapper
Learn effecCve hinCng strategies
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• HinMng with delay
• What is the relaZve impact of hinZng at future vs. missed losses?
• Are there (near-)opZmal hinZng strategies under delay?

Open Questions and Future Work

45



• HinMng with delay
• What is the relaZve impact of hinZng at future vs. missed losses?
• Are there (near-)opZmal hinZng strategies under delay?

• Developing Mghter convex regret bounds for hint learning

• Domain-specific hinters
• Use shorter-term forecasters to more accurately predict missed losses

Open Questions and Future Work

Online Learning with Optimism and Delay 
arxiv.org/abs/2106.06885

Python Optimistic Online Learning with Delay (PoolD) 
github.com/geflaspohler/poold

Code: Paper:
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