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Anytime Model Selection

Solving a Linear Bandit problem :
1. Commit to a reward model (a priori)

2. Interact with the environment to 
maximize reward

<latexit sha1_base64="ClZ8lVK96RosupZQTYq3N/iB68s="></latexit>

yt = r(xt) + "t

Repeat

<latexit sha1_base64="hLNLcFsHvGPevoq3bGkeMZ5sFm8="></latexit>

At every step t
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2. Interact with the environment to 
maximize reward

<latexit sha1_base64="ClZ8lVK96RosupZQTYq3N/iB68s="></latexit>

yt = r(xt) + "t
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Anytime Model Selection

Solving a Linear Bandit problem :
1. Commit to a reward model (a priori)

2. Interact with the environment to 
maximize reward

<latexit sha1_base64="ClZ8lVK96RosupZQTYq3N/iB68s="></latexit>

yt = r(xt) + "t

Repeat

<latexit sha1_base64="hLNLcFsHvGPevoq3bGkeMZ5sFm8="></latexit>

At every step t

<latexit sha1_base64="rBz8WHyOAe6KOuz0ws6v72sbIKE="></latexit>�
�j : Rd0 ! Rd, j = 1, . . . ,M

 
horizon/stopping time

<latexit sha1_base64="wm6eUQwig0e6u1EGQFfsSVcv8Do="></latexit>

M � T

<latexit sha1_base64="Hqf4K3F/MMvxUzit2OiGNLiQsXs="></latexit>

There are many ways to model r
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… but we can guess based on emprical evidence.

Not known a priori which model is going to yield the best algo.
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… but we can guess based on emprical evidence.

Not known a priori which model is going to yield the best algo.

Anytime Model Selection

Solving a Linear Bandit problem :
1. Commit to a reward model (a priori)

2. Interact with the environment to 
maximize reward

<latexit sha1_base64="ClZ8lVK96RosupZQTYq3N/iB68s="></latexit>

yt = r(xt) + "t

Repeat

<latexit sha1_base64="hLNLcFsHvGPevoq3bGkeMZ5sFm8="></latexit>

At every step t

<latexit sha1_base64="rBz8WHyOAe6KOuz0ws6v72sbIKE="></latexit>�
�j : Rd0 ! Rd, j = 1, . . . ,M

 
horizon/stopping time

<latexit sha1_base64="wm6eUQwig0e6u1EGQFfsSVcv8Do="></latexit>

M � T

<latexit sha1_base64="Hqf4K3F/MMvxUzit2OiGNLiQsXs="></latexit>

There are many ways to model r

Anytime Model Selection problem

<latexit sha1_base64="KaghdPhQcKAz1DrXe0jqkzZrEks="></latexit>

R(T ) =
TX

t=1

r(x?)� r(xt)
<latexit sha1_base64="DpqVug/9v9f/uUi30xwW4K4jr/0="></latexit>

� Sublinear

� logM

<latexit sha1_base64="Yy9blRbotHvgQYYX5Dc07sdLW8k="></latexit>

in T<latexit sha1_base64="1rp94zrLcTFubrgnLYgJdD7wkrI="></latexit>

8T � 1
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Online Model Selection problem
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Online Model Selection problem

Why do we need to select?
Why not just try out everything?
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Instatiate M algorithms each using a different model

<latexit sha1_base64="u80cZ7yd6vb5Gy01uQExPEZX8jo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3X962bLa3tjubPgV9Ailc6vm19BnNJcoDSUg9YD38tMWIIyjHIcNoJcYwb0Dm5wYFGCQB2W40OH7p51YjdJlX3SuGP390QJQutCRLZTgLnV07WR+V9tkJvkOCyZzHKDkk4WJTl3TeqOfu3GTCE1vLAAVDF7q0tvQQE1NptGoFDiA02FABmXQQKC8SLGBHJuhmWgkx+2afnT2cxC/6DtH7Y73U7rxKtyq5Mdskv2iU+OyAk5I+ekRyhB8kieyYvz5Lw6b877pLXmVDPb5I+cj292+J7L</latexit>

1

<latexit sha1_base64="RK7DC81Xlr8/pvDaPmCq7+LuTDA=">AAACEXicbZDLSsNAFIYn3q23qks3wSK4KomIuiy4cSNYsBdoQjmZnOjgzCTMTJQQ+gQu1YdxJ259Ap/FjdOLoK0/DHz85xzOmT/KONPG8z6dufmFxaXlldXK2vrG5lZ1e6et01xRbNGUp6obgUbOJLYMMxy7mUIQEcdOdHc+rHfuUWmWymtTZBgKuJEsYRSMtZqX/WrNq3sjubPgT6BGJrrqV7+COKW5QGkoB617vpeZsARlGOU4qAS5xgzoHdxgz6IEgTosR4cO3APrxG6SKvukcUfu74kShNaFiGynAHOrp2tD879aLzfJWVgymeUGJR0vSnLumtQd/tqNmUJqeGEBqGL2VpfeggJqbDaVQKHEB5oKATIugwQE40WMCeTcDMpAJz9s0/Kns5mF9lHdP6kfN49rDW+S2wrZI/vkkPjklDTIBbkiLUIJkkfyTF6cJ+fVeXPex61zzmRml/yR8/ENpeSe5w==</latexit>

M

<latexit sha1_base64="Qj8Rb40Z7nsLxaz4BU/znEipelY=">AAACFnicbVBNS8NAFNz4bf2qevQSLIKnkoioR8GLRwVbhaaUl81LXd3dhN0XpYT+B4/qj/EmXr36W7y4rRW0dWBhmHnDeztxLoWlIPjwpqZnZufmFxYrS8srq2vV9Y2mzQrDscEzmZmrGCxKobFBgiRe5QZBxRIv49uTgX95h8aKTF9QL8e2gq4WqeBATmpGSUa20qnWgnowhD9JwhGpsRHOOtVPF+SFQk1cgrWtMMipXYIhwSX2K1FhMQd+C11sOapBoW2Xw2v7/o5TEj/NjHua/KH6O1GCsranYjepgK7tuDcQ//NaBaVH7VLovCDU/HtRWkifMn/wdT8RBjnJniPAjXC3+vwaDHByBVUigxrveaYU6KSMUlBC9hJMoZDULyOb/nDXVjjezSRp7tXDg/r++X7tOBj1tsC22DbbZSE7ZMfslJ2xBuPshj2wJ/bsPXov3qv39j065Y0ym+wPvPcvdBCg7A==</latexit>

...

Online Model Selection problem

Why do we need to select?
Why not just try out everything?
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Run all algorithms in parallel

Instatiate M algorithms each using a different model

<latexit sha1_base64="u80cZ7yd6vb5Gy01uQExPEZX8jo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3X962bLa3tjubPgV9Ailc6vm19BnNJcoDSUg9YD38tMWIIyjHIcNoJcYwb0Dm5wYFGCQB2W40OH7p51YjdJlX3SuGP390QJQutCRLZTgLnV07WR+V9tkJvkOCyZzHKDkk4WJTl3TeqOfu3GTCE1vLAAVDF7q0tvQQE1NptGoFDiA02FABmXQQKC8SLGBHJuhmWgkx+2afnT2cxC/6DtH7Y73U7rxKtyq5Mdskv2iU+OyAk5I+ekRyhB8kieyYvz5Lw6b877pLXmVDPb5I+cj292+J7L</latexit>

1

<latexit sha1_base64="RK7DC81Xlr8/pvDaPmCq7+LuTDA=">AAACEXicbZDLSsNAFIYn3q23qks3wSK4KomIuiy4cSNYsBdoQjmZnOjgzCTMTJQQ+gQu1YdxJ259Ap/FjdOLoK0/DHz85xzOmT/KONPG8z6dufmFxaXlldXK2vrG5lZ1e6et01xRbNGUp6obgUbOJLYMMxy7mUIQEcdOdHc+rHfuUWmWymtTZBgKuJEsYRSMtZqX/WrNq3sjubPgT6BGJrrqV7+COKW5QGkoB617vpeZsARlGOU4qAS5xgzoHdxgz6IEgTosR4cO3APrxG6SKvukcUfu74kShNaFiGynAHOrp2tD879aLzfJWVgymeUGJR0vSnLumtQd/tqNmUJqeGEBqGL2VpfeggJqbDaVQKHEB5oKATIugwQE40WMCeTcDMpAJz9s0/Kns5mF9lHdP6kfN49rDW+S2wrZI/vkkPjklDTIBbkiLUIJkkfyTF6cJ+fVeXPex61zzmRml/yR8/ENpeSe5w==</latexit>

M

<latexit sha1_base64="Qj8Rb40Z7nsLxaz4BU/znEipelY=">AAACFnicbVBNS8NAFNz4bf2qevQSLIKnkoioR8GLRwVbhaaUl81LXd3dhN0XpYT+B4/qj/EmXr36W7y4rRW0dWBhmHnDeztxLoWlIPjwpqZnZufmFxYrS8srq2vV9Y2mzQrDscEzmZmrGCxKobFBgiRe5QZBxRIv49uTgX95h8aKTF9QL8e2gq4WqeBATmpGSUa20qnWgnowhD9JwhGpsRHOOtVPF+SFQk1cgrWtMMipXYIhwSX2K1FhMQd+C11sOapBoW2Xw2v7/o5TEj/NjHua/KH6O1GCsranYjepgK7tuDcQ//NaBaVH7VLovCDU/HtRWkifMn/wdT8RBjnJniPAjXC3+vwaDHByBVUigxrveaYU6KSMUlBC9hJMoZDULyOb/nDXVjjezSRp7tXDg/r++X7tOBj1tsC22DbbZSE7ZMfslJ2xBuPshj2wJ/bsPXov3qv39j065Y0ym+wPvPcvdBCg7A==</latexit>

...

Online Model Selection problem

Why do we need to select?
Why not just try out everything?



3im
ag

e 
so

ur
ce

: f
la

tic
on

Run all algorithms in parallel

Statistically expensive
⇤⇥ High regret

Instatiate M algorithms each using a different model

<latexit sha1_base64="u80cZ7yd6vb5Gy01uQExPEZX8jo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3X962bLa3tjubPgV9Ailc6vm19BnNJcoDSUg9YD38tMWIIyjHIcNoJcYwb0Dm5wYFGCQB2W40OH7p51YjdJlX3SuGP390QJQutCRLZTgLnV07WR+V9tkJvkOCyZzHKDkk4WJTl3TeqOfu3GTCE1vLAAVDF7q0tvQQE1NptGoFDiA02FABmXQQKC8SLGBHJuhmWgkx+2afnT2cxC/6DtH7Y73U7rxKtyq5Mdskv2iU+OyAk5I+ekRyhB8kieyYvz5Lw6b877pLXmVDPb5I+cj292+J7L</latexit>

1

<latexit sha1_base64="RK7DC81Xlr8/pvDaPmCq7+LuTDA=">AAACEXicbZDLSsNAFIYn3q23qks3wSK4KomIuiy4cSNYsBdoQjmZnOjgzCTMTJQQ+gQu1YdxJ259Ap/FjdOLoK0/DHz85xzOmT/KONPG8z6dufmFxaXlldXK2vrG5lZ1e6et01xRbNGUp6obgUbOJLYMMxy7mUIQEcdOdHc+rHfuUWmWymtTZBgKuJEsYRSMtZqX/WrNq3sjubPgT6BGJrrqV7+COKW5QGkoB617vpeZsARlGOU4qAS5xgzoHdxgz6IEgTosR4cO3APrxG6SKvukcUfu74kShNaFiGynAHOrp2tD879aLzfJWVgymeUGJR0vSnLumtQd/tqNmUJqeGEBqGL2VpfeggJqbDaVQKHEB5oKATIugwQE40WMCeTcDMpAJz9s0/Kns5mF9lHdP6kfN49rDW+S2wrZI/vkkPjklDTIBbkiLUIJkkfyTF6cJ+fVeXPex61zzmRml/yR8/ENpeSe5w==</latexit>

M

<latexit sha1_base64="Qj8Rb40Z7nsLxaz4BU/znEipelY=">AAACFnicbVBNS8NAFNz4bf2qevQSLIKnkoioR8GLRwVbhaaUl81LXd3dhN0XpYT+B4/qj/EmXr36W7y4rRW0dWBhmHnDeztxLoWlIPjwpqZnZufmFxYrS8srq2vV9Y2mzQrDscEzmZmrGCxKobFBgiRe5QZBxRIv49uTgX95h8aKTF9QL8e2gq4WqeBATmpGSUa20qnWgnowhD9JwhGpsRHOOtVPF+SFQk1cgrWtMMipXYIhwSX2K1FhMQd+C11sOapBoW2Xw2v7/o5TEj/NjHua/KH6O1GCsranYjepgK7tuDcQ//NaBaVH7VLovCDU/HtRWkifMn/wdT8RBjnJniPAjXC3+vwaDHByBVUigxrveaYU6KSMUlBC9hJMoZDULyOb/nDXVjjezSRp7tXDg/r++X7tOBj1tsC22DbbZSE7ZMfslJ2xBuPshj2wJ/bsPXov3qv39j065Y0ym+wPvPcvdBCg7A==</latexit>

...

w.h.p.

Online Model Selection problem

Why do we need to select?
Why not just try out everything?

<latexit sha1_base64="ykb39UdLDGC/hEVInbIpOhaq8f8="></latexit>

poly(M)
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Randomly iterate over the agents and at each step play only one
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<latexit sha1_base64="QaOE+ngkIM8Ejsxli06CelprdXw="></latexit>

<latexit sha1_base64="u80cZ7yd6vb5Gy01uQExPEZX8jo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3X962bLa3tjubPgV9Ailc6vm19BnNJcoDSUg9YD38tMWIIyjHIcNoJcYwb0Dm5wYFGCQB2W40OH7p51YjdJlX3SuGP390QJQutCRLZTgLnV07WR+V9tkJvkOCyZzHKDkk4WJTl3TeqOfu3GTCE1vLAAVDF7q0tvQQE1NptGoFDiA02FABmXQQKC8SLGBHJuhmWgkx+2afnT2cxC/6DtH7Y73U7rxKtyq5Mdskv2iU+OyAk5I+ekRyhB8kieyYvz5Lw6b877pLXmVDPb5I+cj292+J7L</latexit>

1

<latexit sha1_base64="RK7DC81Xlr8/pvDaPmCq7+LuTDA=">AAACEXicbZDLSsNAFIYn3q23qks3wSK4KomIuiy4cSNYsBdoQjmZnOjgzCTMTJQQ+gQu1YdxJ259Ap/FjdOLoK0/DHz85xzOmT/KONPG8z6dufmFxaXlldXK2vrG5lZ1e6et01xRbNGUp6obgUbOJLYMMxy7mUIQEcdOdHc+rHfuUWmWymtTZBgKuJEsYRSMtZqX/WrNq3sjubPgT6BGJrrqV7+COKW5QGkoB617vpeZsARlGOU4qAS5xgzoHdxgz6IEgTosR4cO3APrxG6SKvukcUfu74kShNaFiGynAHOrp2tD879aLzfJWVgymeUGJR0vSnLumtQd/tqNmUJqeGEBqGL2VpfeggJqbDaVQKHEB5oKATIugwQE40WMCeTcDMpAJz9s0/Kns5mF9lHdP6kfN49rDW+S2wrZI/vkkPjklDTIBbkiLUIJkkfyTF6cJ+fVeXPex61zzmRml/yR8/ENpeSe5w==</latexit>

M

<latexit sha1_base64="1bEjNRuHkH5rXb+2/ZTRGeM8Ezo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3XZdbPltb2x3FnwK2iRSufXza8gTmkuUBrKQeuB72UmLEEZRjkOG0GuMQN6Bzc4sChBoA7L8aFDd886sZukyj5p3LH7e6IEoXUhItspwNzq6drI/K82yE1yHJZMZrlBSSeLkpy7JnVHv3ZjppAaXlgAqpi91aW3oIAam00jUCjxgaZCgIzLIAHBeBFjAjk3wzLQyQ/btPzpbGahf9D2D9udbqd14lW51ckO2SX7xCdH5ISckXPSI5QgeSTP5MV5cl6dN+d90lpzqplt8kfOxzfU0J8D</latexit>

i

<latexit sha1_base64="hMqFOJ0TOmwFy2s3M6biSYo1ki0=">AAACFXicbVBNS8NAFNzUr1q/qh69BIvgqSQi6lHw4lHB1kJT5GXzokt3N2H3RSmhv8Gj+mO8iVfP/hYvbmsFrQ4sDDNveG8nzqWwFATvXmVmdm5+obpYW1peWV2rr2+0bVYYji2eycx0YrAohcYWCZLYyQ2CiiVexv2TkX95i8aKTF/QIMeegmstUsGBnNSKkozsVb0RNIMx/L8knJAGm+Dsqv7hcrxQqIlLsLYbBjn1SjAkuMRhLSos5sD7cI1dRzUotL1yfOzQ33FK4qeZcU+TP1Z/JkpQ1g5U7CYV0I2d9kbif163oPSoVwqdF4Safy1KC+lT5o9+7ifCICc5cAS4Ee5Wn9+AAU6un1pkUOMdz5QCnZRRCkrIQYIpFJKGZWTTb+7aCqe7+Uvae83woLl/vt84Dia9VdkW22a7LGSH7JidsjPWYpwJds8e2ZP34D17L97r12jFm2Q22S94b588I6DY</latexit>. . .

<latexit sha1_base64="1IGt9f8lTqnwWB4NL1x1K+Q6OGs="></latexit>

qt 2 �M

<latexit sha1_base64="6Z3qSdfr8XV7+lWTbKjWVjSHkjM="></latexit>

it ⇠ qt

Randomly iterate over the agents and at each step play only one
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<latexit sha1_base64="QaOE+ngkIM8Ejsxli06CelprdXw="></latexit>

<latexit sha1_base64="u80cZ7yd6vb5Gy01uQExPEZX8jo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3X962bLa3tjubPgV9Ailc6vm19BnNJcoDSUg9YD38tMWIIyjHIcNoJcYwb0Dm5wYFGCQB2W40OH7p51YjdJlX3SuGP390QJQutCRLZTgLnV07WR+V9tkJvkOCyZzHKDkk4WJTl3TeqOfu3GTCE1vLAAVDF7q0tvQQE1NptGoFDiA02FABmXQQKC8SLGBHJuhmWgkx+2afnT2cxC/6DtH7Y73U7rxKtyq5Mdskv2iU+OyAk5I+ekRyhB8kieyYvz5Lw6b877pLXmVDPb5I+cj292+J7L</latexit>

1

<latexit sha1_base64="RK7DC81Xlr8/pvDaPmCq7+LuTDA=">AAACEXicbZDLSsNAFIYn3q23qks3wSK4KomIuiy4cSNYsBdoQjmZnOjgzCTMTJQQ+gQu1YdxJ259Ap/FjdOLoK0/DHz85xzOmT/KONPG8z6dufmFxaXlldXK2vrG5lZ1e6et01xRbNGUp6obgUbOJLYMMxy7mUIQEcdOdHc+rHfuUWmWymtTZBgKuJEsYRSMtZqX/WrNq3sjubPgT6BGJrrqV7+COKW5QGkoB617vpeZsARlGOU4qAS5xgzoHdxgz6IEgTosR4cO3APrxG6SKvukcUfu74kShNaFiGynAHOrp2tD879aLzfJWVgymeUGJR0vSnLumtQd/tqNmUJqeGEBqGL2VpfeggJqbDaVQKHEB5oKATIugwQE40WMCeTcDMpAJz9s0/Kns5mF9lHdP6kfN49rDW+S2wrZI/vkkPjklDTIBbkiLUIJkkfyTF6cJ+fVeXPex61zzmRml/yR8/ENpeSe5w==</latexit>

M

<latexit sha1_base64="1bEjNRuHkH5rXb+2/ZTRGeM8Ezo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3XZdbPltb2x3FnwK2iRSufXza8gTmkuUBrKQeuB72UmLEEZRjkOG0GuMQN6Bzc4sChBoA7L8aFDd886sZukyj5p3LH7e6IEoXUhItspwNzq6drI/K82yE1yHJZMZrlBSSeLkpy7JnVHv3ZjppAaXlgAqpi91aW3oIAam00jUCjxgaZCgIzLIAHBeBFjAjk3wzLQyQ/btPzpbGahf9D2D9udbqd14lW51ckO2SX7xCdH5ISckXPSI5QgeSTP5MV5cl6dN+d90lpzqplt8kfOxzfU0J8D</latexit>

i

<latexit sha1_base64="hMqFOJ0TOmwFy2s3M6biSYo1ki0=">AAACFXicbVBNS8NAFNzUr1q/qh69BIvgqSQi6lHw4lHB1kJT5GXzokt3N2H3RSmhv8Gj+mO8iVfP/hYvbmsFrQ4sDDNveG8nzqWwFATvXmVmdm5+obpYW1peWV2rr2+0bVYYji2eycx0YrAohcYWCZLYyQ2CiiVexv2TkX95i8aKTF/QIMeegmstUsGBnNSKkozsVb0RNIMx/L8knJAGm+Dsqv7hcrxQqIlLsLYbBjn1SjAkuMRhLSos5sD7cI1dRzUotL1yfOzQ33FK4qeZcU+TP1Z/JkpQ1g5U7CYV0I2d9kbif163oPSoVwqdF4Safy1KC+lT5o9+7ifCICc5cAS4Ee5Wn9+AAU6un1pkUOMdz5QCnZRRCkrIQYIpFJKGZWTTb+7aCqe7+Uvae83woLl/vt84Dia9VdkW22a7LGSH7JidsjPWYpwJds8e2ZP34D17L97r12jFm2Q22S94b588I6DY</latexit>. . .

<latexit sha1_base64="1IGt9f8lTqnwWB4NL1x1K+Q6OGs="></latexit>

qt 2 �M

<latexit sha1_base64="6Z3qSdfr8XV7+lWTbKjWVjSHkjM="></latexit>

it ⇠ qt

Randomly iterate over the agents and at each step play only one

<latexit sha1_base64="L67QbFoWu4eEabtCUYEDLsod73U=">AAACI3icbVBNSxxBFOzRGM2qycQcc2lcAp6WGVmMR8FLjgquCjvL8qbnjTb2x9D9Rl2G/Sde9c94Ey8e/Cc5pGfdQKIWNF1UvccrKq+U9JQkT9HC4oelj8srnzqra+ufv8RfN469rZ3AgbDKutMcPCppcECSFJ5WDkHnCk/yi/3WP7lE56U1RzSpcKThzMhSCqAgjeM4y60q/ESHj1+PqTOOu0kvmYG/JemcdNkcB+P4d1ZYUWs0JBR4P0yTikYNOJJC4bST1R4rEBdwhsNADWj0o2aWfMp/BKXgpXXhGeIz9d+NBrRvw4VJDXTuX3ut+J43rKncHTXSVDWhES+HylpxsrytgRfSoSA1CQSEkyErF+fgQFAoq5M5NHglrNZgiiYrQUs1KbCEWtG0yXz5l7d1pa/LeUuOt3vpTq9/2O/u9efFrbDvbJNtsZT9ZHvsFztgAybYJbtht+wuuo3uo4fo8WV0IZrvfGP/IXr+A7YZpX0=</latexit>xt

<latexit sha1_base64="8A48DYaaoIcdm+fPnPhoRYlpeAg=">AAACFXicbZBNS8NAEIY3flu/qh69BIvgqSRS1KPgxaOC/YCmlMlm0i7d3YTdiVJC/4JX/TPexKtn/4sHk7aCXy8sPLwzw8y+YSqFJc97dxYWl5ZXVtfWKxubW9s71d29lk0yw7HJE5mYTggWpdDYJEESO6lBUKHEdji6LOvtOzRWJPqWxin2FAy0iAUHKi3Rp0q/WvPq3lTuX/DnUGNzXferH0GU8EyhJi7B2q7vpdTLwZDgEieVILOYAh/BALsFalBoe/n01ol7VDiRGyemeJrcqft9Igdl7ViFRacCGtrftdL8r9bNKD7v5UKnGaHms0VxJl1K3PLjbiQMcpLjAoAbUdzq8iEY4FTEUwkMarzniVKgozyIQQk5jjCGTNIkD2z8xWVc/u9w/kLrpO6f1hs3jdpFYx7cGjtgh+yY+eyMXbArds2ajLMhe2CP7Ml5dJ6dF+d11rrgzGf22Q85b59PUqAS</latexit>

it
<latexit sha1_base64="jL23zd95G0ti/GNoE3+aeOkqPs0="></latexit>xt ⇠ pit,t
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<latexit sha1_base64="1bEjNRuHkH5rXb+2/ZTRGeM8Ezo=">AAACEXicbZDPSsNAEMY39V+t/6oevQSL4KkkUtSj4MWjBVuFJshkM9HF3U3Y3Sgh9Ak8qg/jTbz6BD6LF7dtBG39YOHHNzPM7BdlnGnjeZ9ObW5+YXGpvtxYWV1b32hubvV1miuKPZryVF1FoJEziT3DDMerTCGIiONldHc6ql/eo9IslRemyDAUcCNZwigYa3XZdbPltb2x3FnwK2iRSufXza8gTmkuUBrKQeuB72UmLEEZRjkOG0GuMQN6Bzc4sChBoA7L8aFDd886sZukyj5p3LH7e6IEoXUhItspwNzq6drI/K82yE1yHJZMZrlBSSeLkpy7JnVHv3ZjppAaXlgAqpi91aW3oIAam00jUCjxgaZCgIzLIAHBeBFjAjk3wzLQyQ/btPzpbGahf9D2D9udbqd14lW51ckO2SX7xCdH5ISckXPSI5QgeSTP5MV5cl6dN+d90lpzqplt8kfOxzfU0J8D</latexit>

i
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<latexit sha1_base64="1IGt9f8lTqnwWB4NL1x1K+Q6OGs="></latexit>

qt 2 �M

<latexit sha1_base64="6Z3qSdfr8XV7+lWTbKjWVjSHkjM="></latexit>

it ⇠ qt
<latexit sha1_base64="8kYaWgjW2Eb010DXmyKCDUYI8pE="></latexit>

yt = r(xt) + ✏t

Randomly iterate over the agents and at each step play only one

<latexit sha1_base64="L67QbFoWu4eEabtCUYEDLsod73U=">AAACI3icbVBNSxxBFOzRGM2qycQcc2lcAp6WGVmMR8FLjgquCjvL8qbnjTb2x9D9Rl2G/Sde9c94Ey8e/Cc5pGfdQKIWNF1UvccrKq+U9JQkT9HC4oelj8srnzqra+ufv8RfN469rZ3AgbDKutMcPCppcECSFJ5WDkHnCk/yi/3WP7lE56U1RzSpcKThzMhSCqAgjeM4y60q/ESHj1+PqTOOu0kvmYG/JemcdNkcB+P4d1ZYUWs0JBR4P0yTikYNOJJC4bST1R4rEBdwhsNADWj0o2aWfMp/BKXgpXXhGeIz9d+NBrRvw4VJDXTuX3ut+J43rKncHTXSVDWhES+HylpxsrytgRfSoSA1CQSEkyErF+fgQFAoq5M5NHglrNZgiiYrQUs1KbCEWtG0yXz5l7d1pa/LeUuOt3vpTq9/2O/u9efFrbDvbJNtsZT9ZHvsFztgAybYJbtht+wuuo3uo4fo8WV0IZrvfGP/IXr+A7YZpX0=</latexit>xt

<latexit sha1_base64="8A48DYaaoIcdm+fPnPhoRYlpeAg=">AAACFXicbZBNS8NAEIY3flu/qh69BIvgqSRS1KPgxaOC/YCmlMlm0i7d3YTdiVJC/4JX/TPexKtn/4sHk7aCXy8sPLwzw8y+YSqFJc97dxYWl5ZXVtfWKxubW9s71d29lk0yw7HJE5mYTggWpdDYJEESO6lBUKHEdji6LOvtOzRWJPqWxin2FAy0iAUHKi3Rp0q/WvPq3lTuX/DnUGNzXferH0GU8EyhJi7B2q7vpdTLwZDgEieVILOYAh/BALsFalBoe/n01ol7VDiRGyemeJrcqft9Igdl7ViFRacCGtrftdL8r9bNKD7v5UKnGaHms0VxJl1K3PLjbiQMcpLjAoAbUdzq8iEY4FTEUwkMarzniVKgozyIQQk5jjCGTNIkD2z8xWVc/u9w/kLrpO6f1hs3jdpFYx7cGjtgh+yY+eyMXbArds2ajLMhe2CP7Ml5dJ6dF+d11rrgzGf22Q85b59PUqAS</latexit>

it
<latexit sha1_base64="jL23zd95G0ti/GNoE3+aeOkqPs0="></latexit>xt ⇠ pit,t



<latexit sha1_base64="gyQPxSyVP4s0LJF28T4W9rHiis8="></latexit>

Update qt

Update all agents
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Putting it all together: ALExp

Algo

Algorithm 1 ALEXP

Inputs: �t , ⌘t , �t for t � 1

for t � 1 do
Draw xt ⇠ (1� �t)

PM
j=1 qt,jpt,j + �tUnif(X )

Observe yt = r(xt) + ✏t .
Append history Ht = Ht�1 [ {(xt , yt)}.
Update agents pt,j for j = 1, . . . ,M.

Calculate ✓̂t  Lasso(Ht ,�t) and estimate

r̂t,j  Ex⇠pt+1,j [✓̂
>
t �(x)]

Update selection distribution

qt+1,j  
exp(⌘t

Pt
s=1 r̂s,j)PM

i=1 exp(⌘t
Pt

s=1 r̂s,i )

end for

Anytime Exponential weighting algorithm with Lasso reward estimates
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prescribed in the paper

Regret

Theorem (Online Model Selection)

For appropriate choices of parameters,

R(T ) = O

✓q
T log

3
M + T

3/4
p
logM

◆

w.h.p. simultaneously for all T � 1.
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Synthetic Experiments

Figure 1: ALEXP can model-select in both
orthogonal and correlated classes (M = 55)

Figure 2: ALEXP performs well
on a large class (M = 165)

O(n3/4
p
logM), and while it is still sublinear and scales logarithmically with M , the dependency on

n is sub-optimal. This may be due to the conservative nature of our model selection analysis, during
which we do not make assumptions about the dynamics of the base agents. Therefore, to ensure
sufficiently diverse data for successful model selection, we need to occasionally choose exploratory
actions with a vanishing probability of �t. We conjecture that this is avoidable, if we make more
assumptions about the agents, e.g., that a sufficient number of agents can achieve sublinear regret
if executed in isolation. Banerjee et al. [2023] show that the data collected by sublinear algorithms
organically satisfies a minimum eigenvalue lowerbound, which may also be sufficient for model
selection. We leave this as an open question for future work.

6 Experiments
Experiment Setup. We create a synthetic dataset based on our data model (Section 3), and choose
the domain to be 1-dimensional X = [�1, 1]. As a natural choice of features, we consider the set of
degree-p Legendre polynomials, since they form an orthonormal basis for L2(X ) if p grows unbound-
edly. We construct each feature map, by choosing s different polynomials from this set, and therefore
obtaining M =

�p+1
s

�
different models. More formally, we let �j(x) = (Pj1(x), . . . , Pjs(x)) 2 Rs

where {j1, . . . , js} ⇢ {1, . . . , p} and Pj0 denotes a degree j0 Legendre polynomial. To construct
the reward function, we randomly sample j? from [M ], and draw ✓j? from an i.i.d. standard gaussian
distribution. We then normalize ||✓j? || = 1. When sampling from the reward, we add Gaussian noise
with standard deviation � = 0.01. Figure 5 in the appendix shows how the random reward functions
may look. For all experiments we set n = 100, and plot the cumulative regret R(n) averaged over
20 different random seeds, the shaded areas in all figures show the standard error across these runs.

Algorithms. We perform experiments on two UCB algorithms, one with oracle knowledge of j?,
and a naive one which takes into account all M feature maps. We run Explore-then-Commit (ETC)
by Hao et al. [2020], which explores for a horizon of n0 steps, performs Lasso once, and then selects
actions greedily for the remaining steps. As another baseline, we introduce Explore-then-Select (ETS)
that explores for n0 steps, performs model selection using the sparsity pattern of the Lasso estimator.
For the remaining steps, the policy switches to UCB, calculated based on the selected features.
Performance of ETC and ETS depends highly on n0, so we tune this hyperparameter separately for
each experiment. We also run CORRAL as proposed by Agarwal et al. [2017], with UCB agents similar
to ALEXP. We tune the hyper-parameters of CORRAL as well. To initialize ALEXP we set the rates of
�t, �t and ⌘t according to Theorem 1, and perform a light hyper-parameter tuning to choose the scaling
constants. We have included the details and results of our hyper-parameter tuning in Appendix F.1.
To solve (1), we use CELER, a fast solver for the group Lasso [Massias et al., 2018]. Every time UCB
policy is used, we set the exploration coefficient �t = 2, and every time exploration is required, we
sample according to ⇡ = Unif(X ). Appendix F includes the pseudo-code for all baseline algorithms.

Easy vs. Hard Cases. We construct an easy problem instance, where s = 2, p = 10, and thus
M = 55. Models are lightly correlated since each two model can have at most one Legendre
polynomial in common. We also generate an instance with highly correlated feature maps where
s = 8 and p = 10, which will be a harder problem, since out of the total M = 55 models, there are
36 models which have at least 6 Legendre polynomials in common with the oracle model j?. Figure 1
shows that not only ALEXP is not affected by the correlations between the models, but also it achieves
a performance competitive to the oracle in both cases, implying that our exponential weights technique
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