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Learning From Comparisons Is Efficient

Task: Learn personalised tastes of each user, given offline comparison data

How many comparisons are needed? What algorithm should we use?

Low-Rank PG> jlw = olx,; —x,;)

Matrix > Learning Model > Bradley-Terry

Factorisation Model

> Personalisation possible with only few comparisons per user

> Nonconvex objective can be provably minimised via gradient descent
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Simple Math Captures Human Choice

Model (RUM) (BTL) Model

Item i has latent utility x; | ¥ RUM: & ~ i.i.d. Gumbel
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Towards Personalisation

BTL identifies global order * For recommendations:
need to learn utilities from scratch
« Recommendation systems need X = {x,;:u € {nyusers},i € {n, items} j

user-dependent rankings =

personalised utilities  Without further assumptions:

O(n, log n,) comparisons per user

» PG>jlu) =0olx,,; - X,.7) « Each user compares all items! Infeasible
Example from Transportation Additional Structure Needed
| L . T
e X, - user u’s utility for commute mode i « Assume x,,; = U, 'V,
ex, =f"  « __  * U, V;:rdimensional feature vectors

* Predicted usage of new metro in SF  Learning X < learning (U, V)
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Fundamental Learning Problem

Dataset: (2 = {user u; items (i, j); outcome y = 1{i >j}}; Q| =m

Ground-truth Z* of size n X r
(u,1,j) chosen uniformly at random PG > jlu) = (1 +exp(x,; — xu,j))‘1

m

Maximum Likelihood min log(l + exp«Uu , Vz — V] >)) — yk< Uu , Vl — V] >
Estimation: Z=(U.V) : :

Key Research Questions:

(Statistical) How many samples m are required to recover ground-truth Z*?

(Algorithmic) How do we solve the above nonconvex optimisation problem?
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Learning a utility matrix of rank 3
2000 users and 3000 items
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(0.0029) (0.0073) (0.0019)
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Error metric (RMSE):
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Comparison With Prior Work

Theoretical Guarantees

* Learning from ratings well-studied:

Vi =X t €. W,1) € L2

u,l
e Qur results ~ SoTA for this problem

first such results for comparisons

 Comparisons as informative as ratings

Empirical Observations

 Comparison-based learning problem
studied before, without guarantees

e Data: infer comparisons from ratings:
Vui= Yy =3=> uii>]

* Prediction quality matches ratings!

No dataset with user comparisons

Open Question: ratings or comparisons —what’s better?
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Gradient Descent Works Despite Nonconvexity

flx,y) = (xy = 1)7

T 0.3

T 0.2

T 0.1

T 0.0
1.2

0.8 v Invariant for xy = ¢

1.0 y
-1 X 1.2 0.8

1

Globally non-convex Locally strongly convex

. Overcome rotational invariance: A(Z) =7 - Z*R(Z), R(Z) = nTnin |IZ — Z*R|| -
R'R=]

1. strong convexity (V.Z(2), A(2)) 2 c|lADI;  gradient descent gives
* Show =

5 exponential convergence
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Interactive setting (online learning)

comparison data

Which movie did you prefer?

consumption
history effectively

reuses past

, r, " é,\ AR . . A A
Watched Watched \/ experiences

just now last week

fresh recommendations

What to What to
recommend?  compare?
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Comparing with History is Efficient

Recycl/ng H/story Efficient Recommendations From Contextual Due///ng Bandits. ’

maximum alignment
axis of exploration
»

T\ estimate

confidence set

ok true\user profile

> Recommend the best guess item

> Compare with an item to probe along axis of uncertainty

> Mitigates exploration-exploitation tradeoff!
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