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Why ranking feedback?

Numeric v.s. Ranking Feedback
Easier for humans to rank than
score,
Numeric utilities may be private or
unavailable.

Applications
LLM routing with user preference
rankings,
Recommendation / matching system.
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Comparison to Dueling Bandit

R(T) = max
â∈A

T∑
t=1

u(t)(â)− 1
2
(

u(t)(a(t)) + u(t)(b(t))
)
. (1.1)

Adversarial Dueling Bandit [Saha et al.,
2021]
Receive U(1), . . . , U(T) ∈ [0, 1]A×A

Pr
(

a(t) > b(t) | o(t) =
{

a(t), b(t)
})

= U(t)(a(t), b(t))

u(t)(a) =
∑
a′ ̸=a

U(t)(a, a′)

Ours
Receive u(1), . . . , u(T) ∈ [−1, 1]A

Pr
(

a(t) > b(t) | o(t) = {a, b}
)

=
exp(r(t)(a))

exp(r(t)(a)) + exp(r(t)(b))

r(t) =


u(t) Instantaneous Utility
1
t
∑t

s=1 u(s) Time-average Utility (Full-Info)∑t
s=1 u(s)(a)

∑
a′∈o(s)

1
(

a=a′
)

∑t
s=1

∑
a′∈o(s)

1(a=a′)
Time-average Utility (Bandit)
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Online Learning with Ranking Feedback

Procedure
Update the strategy π(t) ∈ ∆A

Propose a multiset (possibly include
repeated elements) of actions
o(t) ⊆ A
Receive ranking σ(t) over options in
o(t)

Plackett-Luce (PL) model [Luce, 1959,
Plackett, 1975]

P
(
σ(t) ∣∣ o(t)

)
=

K∏
k1=1

exp
( 1
τ r(t)

(
σ(t) (k1)

))∑K
k2=k1

exp
( 1
τ r(t)

(
σ(t) (k2)

)) .
(1.2)

r(t) is a function of
{

u(1), . . . , u(t)} to be specified later.
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Setting 1: Ranking with Instantaneous Utility

r(t) = u(t). (1.3)

Full-Information Feedback

o(t) = A

R(T),external := max
π̂∈∆A

T∑
t=1

〈
u(t), π̂ − π(t)

〉
Bandit Feedback

o(t) ∼ π(t),
∣∣∣o(t)∣∣∣ = K

R(T) := max
π̂∈∆A

T∑
t=1

〈
u(t), π̂

〉
− 1

K
∑

a∈o(t)
u(t) (a)


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Setting 2: Ranking with Time-average Utility

Full-Information Feedback

r(t) = 1
t

t∑
s=1

u(s)

o(t) = A

R(T),external := max
π̂∈∆A

T∑
t=1

〈
u(t), π̂ − π(t)

〉

Bandit Feedback

r(t) =
∑t

s=1 u(s)(a)
∑

a′∈o(s) 1 (a = a′)∑t
s=1

∑
a′∈o(s) 1 (a = a′)

o(t) ∼ π(t),
∣∣∣o(t)∣∣∣ = K

R(T) := max
π̂∈∆A

T∑
t=1

〈
u(t), π̂

〉
− 1

K
∑

a∈o(t)
u(t) (a)


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Overview

P(T) :=
T∑

t=2

∥∥∥u(t) − u(t−1)
∥∥∥ ≤ O(Tq). (2.1)

Lower Bound Full-Information Bandit
InstUtil Rank Ω(T) for τ ≤ O (1)
AvgUtil Rank Ω̃(T) for τ ≤ O

(
1

T logT

)
Ω(T) for τ ≤ O

(
1

logT

)
Upper Bound

(τ = O(1), Sublinear Regret) Full-Information Bandit

InstUtil Rank q < 1
AvgUtil Rank ✓ q < 1

3

Table: Summary of our contributions, including the negative results (top) and the positive results
(bottom). ✓indicates that no additional assumptions are needed. Here, τ > 0 denotes the temperature
parameter of the ranking model in the PL model.
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Impossibility Results on InstUtil Rank (Proof Sketch)

When τ = 0.1 and A = {a, b},

Instance 1 =

{
(−0.5, 0) w.p. 4

13
(0.15, 0) w.p. 9

13
Instance 2 =

{
(−0.02, 0) w.p. ≈ 0.58
(0.1, 0) w.p. ≈ 0.42

Then,

Pr
(

a > b | o(t) = {a, b}
)

is the same in both instances.

However,

EInstance 1 [u(a)] = −0.05 EInstance 2 [u(a)] ≈ −0.03.
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Routing Large Language Models

Experimental Setup
Dataset: HH-RLHF [Bai et al., 2022]
A ={Qwen3-32B [Yang et al., 2025], Phi-4 [Abdin et al., 2024], GPT-4o [Hurst et al.,
2024], and Llama-3.1-70B [Dubey et al., 2024]}
A reward model generates the utility to simulate human preference
(huggingface.co/OpenAssistant/reward-model-deberta-v3-large-v2)
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Routing Large Language Models
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1Figure: R(T) with AvgUtil under bandit feedback for different temperatures τ and numbers of proposed
actions K in the online learning setting.
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Thank You!
Any questions?
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