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Appendix A
Proof of Theorem 1
Theorem 1 (Error of PSST). Ler R = [log, |A|] be the

number of trimming rounds, assume [0, o] = [—1,1],
and define the cost—gap complexity
N,
H{ = max >,  Hy = max Hf,
(c.aci)#(c,aet) AZ o c
: iN, :
H5 = max 2max ,  Hy=maxHj,
(caci)#(c,at) AZ o c
where A, 4e.i = Q%(c,a™') — Q(c,a®"). Under a context

¢, arms are indexed based on ascending order of Q*(c,a)

and Nyay is defined as % Here, N(a®') is the
number of completions generated by the i-th indexed arm.
Running PSST with the structure-aware allocation for a to-
tal completion budget 'T" returns the optimal arm in every
context with probability at least

T
1—3|C|Rexp| —— .
1rnln(2|73\H17 8|C|H2) R
Equivalently, to ensure failure probability at most 6 it suf-
fices to choose

T= O(min(\P\Hl, C|Hy) R 1og(¥)) .

Indexing convention. Although Theorem 1 states that
arms are indexed in ascending order of Q%(c, a), through-
out the proofs below we adopt the equivalent convention that
a®! denotes an optimal arm for context ¢, i.e., Q%(c, a®!) =
max, Q*(c, a), and thus Q*(c,a®') > Q%(c,a®?) > ---
All quantities (e.g., A, 4c.i and N;) are interpreted under this
convention. In particufar, Ac7ac,i > 0foralli > 2.

Lemma 1. The probability that the best arm under context
c is eliminated from context c on round r is at most

T
2 exp(— W)

Proof. Fix a context c and recall the above convention that
a®! denotes an optimal arm for c. Assume ¢! was not elim-
inated before round r. Let ¢, ; denote the number of i.i.d.
samples used to estimate Q%(c, a®") in round r, and define
the (effective) harmonic mean

harmonic(u,v) = (u™'+0v7!)"

Then, by Hoeffding’s inequality, for any arm a®' € A&”,
Pr[@a’(r) (c, ac71) < Qa,(r) (c, acw‘)]
< exp(—% harmonic(t, 1,r;) A? )

c,ac

Let N, be the number of arms in A((:T) whose empirical
estimate exceeds that of a®!. Then

E[N,] < Z Pr[@a"(r)(c, a®l)y < Q™ (e, a®")]
acie Al
< Z exp(—% harmonic(ty. 1, tr;) Aiac,i)
acie A
2 T
< 2 eXP(_Ac,w " 2[PIN; Tog, |A\)
a“viGAg")
(r) Y
S ML e xp( =A% s o)

< [AD] eXP(—W»

where N, := N(a®)+N(a®") < Npax and we used R =
[log, | A[].

For the best arm to be eliminated in round 7, at least half
of the active arms must (incorrectly) rank above it, i.e., IV, >
1 1AL |. By Markov’s inequality,

2E[N,]
1 r T T
Pr[NrZ §|A£)|} < W = QeXp(_W)’

which proves the lemma. O

Lemma 2. The probability that the best arm under context
c is eliminated from context c on round r is at most

T
3 eXp(— W)

Proof. This follows by adapting Lemma 4.3 of Karnin, Ko-
ren, and Somekh (2013) to our setting (using the same index-
ing convention as above). In particular, the key intermediate
step is that

E[N,] < Z Pr[Q®() (¢, a") < Q™) (c,a"")]
ac,ieAEj)
2 2T
< Z eXp(—AC,ac,i . W)’
ac,ieAgT)



and proceeding exactly as in Karnin, Koren, and Somekh
(2013) yields the stated bound (with complexity term H5 )

Proof of Theorem 1. The best arm needs to survive for all
R rounds and under all contexts C. Therefore, from the
Lemma 1:

Z Z 2 exp( 2|7>|HC )

r=1 c

IN

3iCIRexp( — et )

From the Lemma 2:

R
> > se( -~ setzn)

r=1 ¢
Combining both:
T
3|C‘RGXP( - min(2\P\H1,8|C\H2)R)
which gives the theorem. O

Proposition 2 (Inference-Agnostic Optimality). The
Inference-Agnostic prompt-optimization policy remains
optimal under linear transformation of R*(c,a), that is,
oR(c,a),0 > 0 and an optimal policy can be recovered
trivially from Q-function under affine transformation:

QAF(C, a) :=E,ux [O’Rff(c, a) —|—,u] =oQ"™(c,a)+ p.
Proof. By linearity of expectation,
Q'(c,a) = E,[oRM(c,a) + ]
=0 E,[RP(c,a)] + 1
=0Q"(c,a) + p.

Since o > 0, for any two arms a, b we have

Q(c,a) > Q'(e,h) <= 0Q™(c,a) +p > 0Q™(¢,b) + 1

= Q" (c,a) = Q" (c,b).

Therefore the ordering of arms is preserved and the arg max
set is identical. O

Appendix B

Synthetic-Bernoulli Environment. We consider
a setting with |P| = 32 prompts, each evalu-
ated over a hidden mixture of query difficulty
tiers—{easy, medium, hard}—spanning |X| = 520
queries, with proportions 6 : 4 : 3. For each prompt p
and query z, the single-shot success probability is denoted
4p(x) € [0,1].

A pull of N < Npyax for prompt p on query x gener-
ates i.i.d. Bernoulli outcomes {z; }¥ | where Pr(z; = 1) =
g¢p(z), and each completion incurs a per-completion cost k,,.

The result is an array [ 2y kp ]i\;l
Majority Voting M V) sets M = 1if ). z; > N/2, M =
0if ), z; < N/2, and assigns M = 0.5 (by fair coin) in the

case of a tie (N even, ), z; = N/2).

The cost-adjusted utility for context ¢ € {low, mid, high}
is computed as

N
Ue = w1 M — wa(c) Zk:p,

i=1

where w; = 1 and w2 (c) € {0, 0.2, 1.0} depending on the
cost tier.

To instantiate the environment, we generate two prompt
archetypes: deceiving prompts, which achieve high aver-
age accuracy but exhibit low ¢,(z) on hard queries, and
all-rounders, which maintain moderate accuracy more uni-
formly across tiers. Per-prompt costs k,, are sampled from a
normal distribution with mean 0.02 and variance 0.005.

Synthetic-Categorical Environment. We model |P| =
32 prompts, each paired with | X'| = 512 queries and K = 2
positive objectives. For every (p, x), there are M categor-
ical outcomes, each represented by a vector o; € RE. A
pull of N < Npax (With Nyax = 32) for prompt p on
query x generates N i.i.d. outcome vectors, resulting in rows
[ 0i1, 0i2, kp |, where k, denotes the per-completion cost
for prompt p.

Given a context ¢ with weights w = (w1, wa, Weost)s
where w1 + wy = 1 and weose > 0, the Best-of-NV (BON)
utility is defined as

Ue = max (w10;1 + W20;2)

2 - wcoslNkp~
1<i<N

To construct the environment, outcome vectors are
sampled from {—4,...,4}2. We instantiate two prompt
archetypes: HMLV (high mean, low variance; excels at
N=1) and LMHV (lower mean, high variance; benefits
from larger N), each specializing in one objective. For
each (p,x), we add small per-query noise to the categori-
cal outcome probabilities, introduce a mild train-to-test shift
by perturbing these probabilities, sample per-prompt costs
k, € [0.02, 0.1], and draw context weights from a grid sat-
isfying wq 4+ we = 1 with weey € {0.1, 0.5, 1.0}.

MATH Environment. We select 316 integer-answer
problems from the MATH dataset!. A set of 25 prompt
templates is authored using ChatGPT-03. For each
(prompt, problem) pair, we sample 128 responses from
Llama-3.3-70B-Instruct at temperature 7' = 0.7,
parsing each completion to its final integer answer.

The dataset is then processed as follows:

1. For each problem, retain the global top-4 answers and
group all other answers into a single OTHER bucket (five
categories in total).

2. Compute per-prompt costs as the normalized average to-
ken length of its responses.

This yields a categorical environment (analogous to the
Synthetic-Categorical setting) with |P| = 25, Nyyax = 32, a
uniform context prior ¢ € {low, mid, high}, and cost coef-
ficients {0, 0.2, 1.0}. Utility is evaluated via MV.

"https://huggingface.co/datasets/HuggingFaceH4/MATH- 500



CommonsenseQA Environment. We randomly sam-
ple 1,500 multiple-choice questions from the Common-
senseQA corpus®, and author 48 prompt templates using
ChatGPT-03. For each (prompt, question) pair, we query
Llama-3.3-70B-Instruct at temperature 7' = 1.1,
collecting 128 JSON-constrained answers (one of “Option
A’—“Option E”). Each prompt is assigned a constant cost
kp = 0.01 as we use JSON mode, and all completion has
equal length.

The resulting data is used to construct a categorical en-
vironment (in analogy to the Synthetic-Categorical setting)
with |P| = 48, Nyax = 32, a uniform context prior, and
cost coefficients {0, 0.2, 1.0}.

Helpful-Harmless Environment. We filter the HH-
RLHF conversations® to the 1,355 examples containing
a single user query and a single assistant response. Us-
ing ChatGPT-03, we craft 20 prompt templates. For each
(prompt, query) pair, we sample 128 continuations from
Llama-3.3-70B-Instruct at temperature 7' = 0.7.
Each continuation is scored by separate public reward mod-
els (Yang et al. 2024) for helpfulness* and harmlessness®,

with scores normalized to [—1, 1].

The two reward scores are then binned on a 0.5-
spaced grid, producing a categorical distribution per
(prompt, query); per-prompt costs are computed as the av-
erage token length. This data defines a categorical envi-
ronment with |P| = 20, Npax = 32, and a uniform
context prior over weight triples (Whelp, Wharm, Weost) With
Whelp + Wharm = 1 and weos € {0.1, 0.5, 1.0}.

Summarization Environment. We randomly sample
1,201 Reddit posts from the Summarize-from-Feedback cor-
pus® and design 20 summarization prompt templates us-
ing ChatGPT-03. For each (prompt, post) pair, we query
Llama-3.3-70B-Instruct at temperature 7' = 0.7
and collect 128 candidate summaries.

Each summary is scored by two publicly available reward
models: Preference’ and Faithful®, with raw scores normal-
ized to [—1, 1]. We then bin each dimension in steps of 0.5,
producing a categorical distribution over the two reward di-
mensions, and compute per-prompt costs from average to-
ken length.

This data defines a categorical environment with |P| =
20, Nmax = 32, and a uniform context prior over weight
triples (Wpref, Wraith, Weost) Where Wprer + Wiy = 1 and
weost € {0.1, 0.5, 1.0}

Note: All prompts are available under the prompts folder
of the code base.

*https://huggingface.co/datasets/tau/commonsense_qa
*https://huggingface.co/datasets/Anthropic/hh-rlhf
“Ray2333/gpt2-large-helpful-reward_model
SRay2333/gpt2-large-harmless-reward_model
®https://huggingface.co/datasets/openai/summarize_from.
feedback
"OpenAssistant/reward-model-deberta-v3-large-v2
8CogComp/bart-faithful- summary-detector

Appendix C

Top-K screening. For the screening variant, we fixed
K = 4 candidates after screening and swept the burn-in
fraction p € {0.05,0.10,0.20,0.30,0.40}, which allocates
a p-fraction of the budget to obtain initial estimates before
trimming. The parameter-sweep protocol matched the base-
lines. We selected p = 0.20 for reporting, as it achieved
the best overall performance while remaining robust across
datasets and inference regimes (Table 1).

UCB. We tuned the exploration constant over ¢ €
{0.1,0.5,1.0,2.0,4.0,8.0} under the same budgets, using
20% of the data per environment with identical seeds across
settings, and 10,000 test contexts. The agent ranks arms by
the standard UCB index

Int
n;(t)’

where fi;(¢) is the empirical mean utility of arm 4, n;(¢) its
pull count, and ¢ the total pulls. We selected ¢ = 0.1 for
reporting, as it achieved the best overall performance while
remaining robust across datasets and inference regimes (Ta-
ble 2).

e-greedy. We swept the greedy probability
1 — ¢ € {0.50,0.75,0.80,0.85,0.90,0.95} sepa-
rately for each dataset and inference regime (MV,
BON). For every ¢, agents were trained under budgets
T € {3K, 5K, 10K, 20K, 30K, 40K}, using 20% of the data
per environment with deterministic reseeding; evaluation
used 10,000 test contexts per environment. We selected
e = 0.15 for reporting, as it achieved the best overall
performance while remaining robust across datasets and
inference regimes (Table 3).

UCB;(t) = fu(t) + ¢

Appendix D

Statistical testing. For each dataset and budget 7', we
perform all pairwise algorithm comparisons using per-
environment utilities as paired samples (identical train/test
splits via deterministic reseeding). Our default test is the
two-sided Wilcoxon signed-rank test, which we apply to the
aligned vectors after removing non-finite values and drop-
ping exact ties (zero_-method=wilcox, mode=auto);
pairs with fewer than two effective samples are skipped.
When requested, we also report the paired sign test (bino-
mial test on the sign of differences) after removing ties.
To control multiplicity within each (dataset,T") grid, we
use Holm—Bonferroni adjustment by default (with options
for Benjamini-Hochberg FDR or no correction). We de-
clare a winner if the adjusted p < a = 0.05; the di-
rection is determined by the sign of the median difference
median(z — y). In case of unequal environment counts
across algorithms, samples are truncated to the minimum
length to preserve pairing. Figures visualize the outcome
matrix with entries in {—1, 0, +1} indicating row-algorithm
loss, non-significance, or win against the column algorithm,
respectively.

All the results are shown in Figs 1, 2, 3,4, 5, 6. Across all
six datasets, we observe that PSST and the Top-K screening



Param x T HH Summarization SC SB MATH CQA

p=0.05, T = 3000 0.40 = 0.00 0.20 £ 0.00 277 £0.02 0.83+£000 0.79+£0.01 0.75=%0.00
p=0.05, T = 5000 0.40 4+ 0.00 0.22 4+ 0.00 283+002 083+£000 081+£001 0.76=+0.00
p=0.05, 7 = 10000 0.42 £+ 0.00 0.21 £ 0.00 2.83+£0.02 085+£001 081+£001 0.76=+0.00
p=0.05,7 = 20000 0.43 £ 0.00 0.22 4+ 0.00 287 +0.02 084+000 080+£001 0.76=+0.00
p=0.05, T = 30000 0.44 £+ 0.00 0.23 £ 0.00 288 +£0.01 0.84+£000 082+£001 0.77=£0.00
p=0.05, 7 = 40000 0.43 £ 0.00 0.23 4+ 0.00 287 +0.02 084+000 081+£000 0.77=+0.00
p=0.10, T = 3000 0.41 = 0.00 0.21 £ 0.00 2779 £0.02 0.83+£0.00 080=£0.01 0.76=+0.00
p=0.10, T" = 5000 0.41 +0.00 0.22 +0.00 284 +002 084+000 081+£001 0.76=+0.00
p=0.10, 7 = 10000 0.42 £ 0.00 0.21 £ 0.00 2.86 £0.02 0.84+£000 081=£001 0.77=£0.00
p=0.10, 7 = 20000 0.43 £+ 0.00 0.23 4+ 0.00 2.884+0.02 0.844+0.00 0.81£0.01 0.77+0.00
p=0.10, T = 30000 0.44 £ 0.00 0.23 £ 0.00 2.89+0.02 0.84+000 0.81+£001 0.77+0.01
p=0.10, T = 40000 0.44 £+ 0.00 0.23 £ 0.00 2.88+0.02 0.84+000 082+0.00 0.77=+0.00
p=0.20, T" = 3000 0.41 = 0.00 0.20 £ 0.00 277 £0.02 0.83+£0.00 080=£001 0.76=+0.00
p=0.20, T" = 5000 0.41 + 0.00 0.22 £+ 0.00 2.84+0.02 0.83+000 080+£0.01 0.76=+0.00
p=0.20, 7 = 10000 0.43 £ 0.00 0.22 £+ 0.00 2.85+0.02 0.83+£000 081+£001 0.76=+0.00
p=0.20, 7 = 20000 0.43 £+ 0.00 0.23 £ 0.00 2.87+001 0.844+0.00 0.81£0.01 0.77 +0.00
p=0.20, T = 30000 0.44 £ 0.00 0.23 £ 0.00 2.89+0.02 0.84+£000 082+£001 0.76=+0.00
p=0.20, T = 40000 0.44 £+ 0.00 0.22 +0.00 2.88+0.02 0.844+0.00 0.82+£0.01 0.77 +0.00
p=0.30, T = 3000 0.41 = 0.00 0.21 £ 0.00 281 £0.02 0.83+£000 080=£0.01 0.76=+0.00
p=0.30, T = 5000 0.41 + 0.00 0.22 £+ 0.00 2.85+0.01 0.83+000 081+001 0.76=+0.00
p=0.30, 7 = 10000 0.42 £+ 0.00 0.22 £+ 0.00 285+0.02 0.84+£000 081+£001 0.76=+0.00
p=0.30, 7 = 20000 0.43 £+ 0.00 0.22 £+ 0.00 2.88+0.01 0.83+000 081+001 0.76=+0.00
p=0.30, 7 = 30000 0.44 £+ 0.00 0.22 £+ 0.00 288 +£0.01 0.84+£000 082+£001 0.76=+0.00
p=0.30, T = 40000 0.44 £+ 0.00 0.23 £+ 0.00 2.89+0.01 0.84+000 082+0.01 0.77=+0.00
p=0.40, T = 3000 0.41 = 0.00 0.20 £ 0.00 280+£0.01 0.83+£000 080+£0.01 0.76=+0.00
p=0.40, T = 5000 0.42 + 0.00 0.20 £+ 0.00 2.80+0.02 0.83+£000 080+£0.01 0.76=+0.00
p=0.40, T = 10000 0.43 £ 0.00 0.22 £+ 0.00 285+001 083+£000 081+£001 0.77=+0.00
p=0.40, T = 20000 0.43 £+ 0.00 0.22 £+ 0.00 2.87+0.02 0.83+£000 0.81+£001 0.77=+0.00
p=0.40, 7 = 30000 0.44 £ 0.00 0.22 + 0.00 288 +£0.01 083+£000 081+£001 0.77=+0.00
p=0.40, T = 40000 0.44 £+ 0.00 0.23 £+ 0.00 2.89+0.01 0.84+000 082+0.01 0.77=+0.00

Table 1: PSST+K4: mean + SEM across datasets (rows are param, p and 7).

heuristic consistently outperform competing methods across
most budget settings, with statistical significance.
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Param x T HH Summarization SC SB MATH CQA

c=0.1, T = 3000 0.38 +0.00 0.19 + 0.01 2.834+0.02 0.824+0.00 0.78+£0.01 0.75=+0.00
¢=0.1, T" = 5000 0.39 +0.00 0.21 +0.00 2.88+0.01 0.834+0.00 0.80+£0.01 0.75=+0.00
c=0.1,7 = 10000 0.41 £ 0.00 0.23 +0.00 294 4+0.01 0.834+0.00 0.80£0.01 0.76+0.00
¢=0.1,7 = 20000 0.43 £+ 0.00 0.25 + 0.00 298 £0.01 0.86+0.00 0.80+0.01 0.764+0.00
c=0.1,7 = 30000 0.43 £ 0.00 0.25 + 0.00 2994+ 0.01 0.884+0.00 0.81+£0.01 0.76+0.01
¢c=0.1,T7 = 40000 0.44 + 0.00 0.25 + 0.00 3.00£0.01 0.89+0.00 0.81+0.01 0.7640.00
c=0.5, T = 3000 0.37 + 0.00 0.19 + 0.01 2.854+0.02 0.8240.00 0.78+£0.01 0.75=+0.00
¢=0.5, T = 5000 0.38 +0.00 0.20 4+ 0.00 290+0.01 0.82+0.00 0.79+0.01 0.7540.00
c=0.5,7 = 10000 0.41 £ 0.00 0.23 +0.00 294 4+0.01 0.834+0.00 0.80£0.01 0.76 £ 0.00
¢=0.5,T7 = 20000 0.43 +0.00 0.24 + 0.00 298 £0.01 0.84+£0.00 0.80+0.01 0.7540.00
¢c=0.5,T7 = 30000 0.43 £ 0.00 0.24 + 0.00 3.00£0.01 0.86£0.00 0.80+0.01 0.7540.00
¢=0.5,T = 40000 0.44 + 0.00 0.25 + 0.00 3.00£0.01 0.88+0.00 0.81+0.01 0.7540.00
c=1.0, T = 3000 0.37 +0.00 0.19 £ 0.01 2884002 0.82+0.00 0.78=+0.01 0.75=+0.00
c=1.0, T = 5000 0.37 +0.00 0.19 + 0.01 291 +£0.02 0.83+0.00 0.79+0.01 0.7540.00
c=1.0,7 = 10000 0.41 £ 0.00 0.22 4+ 0.00 2944+ 001 0.834+0.00 0.81£0.01 0.76+0.00
c=1.0,7 = 20000 0.42 +0.00 0.24 + 0.00 298 £0.01 0.84+£0.00 0.80+0.01 0.7540.00
c=1.0, T = 30000 0.43 £ 0.00 0.24 4+ 0.00 3.00£0.01 0.86+£0.01 0.81+0.01 0.7640.00
c=1.0,7 = 40000 0.43 £ 0.00 0.25 +0.00 3.00£0.01 0.87+£0.00 0814001 0.7640.01
c=2.0, T = 3000 0.37 £ 0.00 0.18 = 0.01 2.86+0.02 0.824+0.00 0.78+£0.01 0.75+0.00
¢=2.0, T = 5000 0.38 +0.00 0.19 + 0.01 2934+£0.01 0.83+£0.00 0.79+0.01 0.764+0.00
¢=2.0,T = 10000 0.40 £ 0.00 0.23 £ 0.00 294+ 001 0.844+0.00 0.80£0.01 0.76 £ 0.00
¢=2.0,7 = 20000 0.42 +0.00 0.24 + 0.00 298 £0.01 0.85+0.00 0.80+0.01 0.7540.00
¢=2.0,T = 30000 0.42 £ 0.00 0.24 4+ 0.00 2994+ 001 0.86+0.00 0.81£0.01 0.76 £ 0.00
¢=2.0,T7 = 40000 0.43 £0.00 0.25 + 0.00 299 +£0.01 0.88+0.00 0.81+0.01 0.7540.00
c=4.0, T = 3000 0.37 £ 0.00 0.18 = 0.01 2.854+0.02 0.82+0.00 0.78=+0.01 0.75=+0.00
¢=4.0, T = 5000 0.37 +0.00 0.18 + 0.00 291 £0.01 0.83+£0.00 0.79+0.01 0.76 +0.00
c=4.0,T = 10000 0.41 £ 0.00 0.22 4+ 0.00 294 4+£001 0.84+0.00 0.81+001 0.76+0.00
¢=4.0,T7 = 20000 0.42 £+ 0.00 0.24 + 0.00 297 +£0.01 0.84+£0.00 0.80+0.01 0.7540.00
c=4.0, T = 30000 0.42 £ 0.00 0.24 4+ 0.00 2994+ 0.01 0.864+0.00 0.81£0.01 0.75=+0.00
¢c=4.0,T = 40000 0.43 £ 0.00 0.25 +0.00 3.00£0.01 0.87+£0.00 0.81+0.01 0.7640.00
¢=8.0, 7" = 3000 0.37 + 0.00 0.18 + 0.01 2.86+0.02 0.824+0.00 0.78+£0.01 0.75=+0.00
¢=8.0, 7" = 5000 0.38 +0.00 0.19 + 0.01 2904+0.02 0.834+0.00 0.79+£0.01 0.76+0.00
¢=8.0,7 = 10000 0.40 + 0.00 0.22 4+ 0.00 2924+0.01 0.844+0.00 0.80+0.01 0.76 £ 0.00
¢=8.0, 7 = 20000 0.42 £+ 0.00 0.24 + 0.00 297+0.01 0.844+0.00 0.80£0.01 0.76+0.00
¢=8.0, 7 = 30000 0.43 +0.00 0.24 4+ 0.00 298 +0.01 0.864+0.00 0.81£0.01 0.75=+0.00
¢=8.0, 7 = 40000 0.43 £ 0.00 0.25 + 0.00 2994+ 0.01 0.874+0.00 0.81£0.01 0.76+0.01

Table 2: UCB: mean + SEM across datasets (rows are param, 1').



Param x T HH Summarization SC SB MATH CQA

e=0.50, T" = 3000 0.37 + 0.00 0.17 £ 0.01 278 £0.02 0.83£0.00 0.79+0.01 0.76 +0.00
e=0.50, T" = 5000 0.39 4+ 0.00 0.20 4+ 0.01 2.824+0.01 0.83+£0.00 0.80+0.01 0.7540.00
e=0.50, T = 10000 0.41 4+ 0.00 0.21 +0.00 2904+0.01 0.84+£0.00 0.79+0.01 0.7540.00
e=0.50, T" = 20000 0.42 4+ 0.00 0.23 +0.00 2944001 0.84+£0.00 0.79+0.01 0.744+0.00
e=0.50, T = 30000 0.43 4+ 0.00 0.24 4+ 0.00 297 4+0.01 0.85+£0.00 0.80+0.01 0.7540.00
e=0.50, T" = 40000 0.43 4+ 0.00 0.25 +0.00 298 +£0.01 0.85+0.00 0.80+0.01 0.7540.01
e=0.75, T = 3000 0.38 4+ 0.00 0.16 + 0.01 27754+0.03 0.83£0.00 0.79+0.01 0.7540.00
e=0.75, T = 5000 0.39 4+ 0.00 0.17 + 0.01 286 +0.01 0.84+£0.00 0.79+0.01 0.76 +0.00
e=0.75,T = 10000 0.40 4 0.00 0.20 4+ 0.01 291 +£0.01 0.84£0.00 0.79+0.01 0.76 +0.00
e=0.75,T = 20000 0.42 4+ 0.00 0.23 +0.00 2954+0.01 0.84+0.00 0.79+0.00 0.744+0.00
e=0.75,T = 30000 0.43 4+ 0.00 0.23 +0.00 297 4+0.01 0.85+£0.00 0.81+£0.01 0.7540.00
e=0.75,T = 40000 0.43 4+ 0.00 0.24 +0.00 296 4+0.01 0.85+0.00 0.80+0.01 0.744+0.00
e=0.80, T" = 3000 0.38 = 0.00 0.18 + 0.01 2.834+£0.02 0.83£0.00 0.79+0.01 0.75+0.00
e=0.80, T" = 5000 0.39 4+ 0.00 0.19 + 0.00 286 +0.02 0.83+£0.00 0.80+0.01 0.76+0.00
e=0.80, T = 10000  0.40 4 0.00 0.19 4+ 0.01 291 +£0.01 0.84£0.00 0.80+0.01 0.76+0.00
e=0.80, T" = 20000 0.42 4+ 0.00 0.23 +0.00 2944001 0.84+£0.00 0.79+0.01 0.75+0.00
e=0.80, 7 = 30000 0.41 £ 0.00 0.23 £ 0.00 296 +0.01 0.84£0.00 0.79+0.01 0.75+0.00
e=0.80, T" = 40000 0.43 4+ 0.00 0.24 + 0.00 298 +£0.01 0.85+£0.00 0.80+0.01 0.744+0.00
e=0.85, 7" = 3000 0.38 = 0.00 0.16 + 0.01 272 4+£0.04 0.83£0.00 0.78+0.01 0.75+0.00
e=0.85, T = 5000 0.38 + 0.00 0.17 +£ 0.01 2.874+0.01 0.83+£0.00 0.80+0.01 0.76+0.00
e=0.85,7 = 10000 0.40 + 0.00 0.20 £ 0.00 290 +£0.01 0.844+0.00 0.80+£0.01 0.7640.00
e=0.85,T = 20000 0.41 & 0.00 0.22 +0.00 2954001 0.84+£0.00 0.79+0.01 0.75+0.00
e=0.85,T7 = 30000 0.42 + 0.00 0.23 £0.01 2954001 0.85+£0.00 0.79+0.01 0.75+0.00
e=0.85, T = 40000 0.42 4+ 0.00 0.24 +0.00 2974001 0.85+£0.00 0.80+0.01 0.7540.01
e=0.90, T" = 3000 0.37 4+ 0.00 0.17 £ 0.01 281 +£003 0.824+0.00 0.78+£0.01 0.7540.00
e=0.90, T" = 5000 0.38 4+ 0.00 0.17 £ 0.01 2.874+0.02 0.83+£0.00 0.79+0.01 0.76+0.00
e=0.90, T = 10000  0.40 4 0.00 0.19 4+ 0.01 290+ 0.01 0.84+0.00 0.80+0.01 0.76+0.00
e=0.90, T = 20000 0.41 4+ 0.00 0.22 +0.00 2944001 0.84+£0.00 0.79+0.01 0.75+0.00
e=0.90, T = 30000 0.42 4+ 0.00 0.23 4+ 0.00 2954001 0.85+£0.00 0.79+0.01 0.7540.00
e=0.90, T" = 40000 0.42 4+ 0.00 0.24 +0.00 2974001 0.85+£0.00 0.80+0.01 0.75+0.00
e=0.95, T = 3000 0.37 4+ 0.00 0.17 4+ 0.01 276 £0.03 0.824+0.00 0.78+£0.01 0.7540.00
e=0.95, T = 5000 0.38 + 0.00 0.17 £ 0.01 286 £0.01 0.83£0.00 0.79+0.01 0.76 +0.00
e=0.95,T = 10000 0.39 4+ 0.00 0.19 4+ 0.01 2924+0.01 0.84+£0.00 0.80+0.01 0.76 4+ 0.00
e=0.95, T = 20000 0.41 4+ 0.00 0.21 +£0.00 2954001 0.84+£0.00 0.79+0.01 0.75+0.00
e=0.95,T = 30000 0.42 4+ 0.00 0.22 4+ 0.00 2954+0.01 0.85+£0.00 0.80+0.01 0.7540.00
e=0.95, T = 40000 0.41 4+ 0.00 0.23 +0.00 2954001 0.84+£0.00 0.79+0.00 0.75+0.00

Table 3: e-greedy: mean + SEM across datasets (rows are param, T").
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Figure 2: Pairwise wins for Helpful-Harmless (BoN) across six budgets (7" in order: 3000, 5000, 10000, 20000, 30000, 40000).
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Figure 4: Pairwise wins for Synthetic Bernoulli (MV) across six budgets (7" in order: 3000, 5000, 10000, 20000, 30000, 40000).
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Figure 5: Pairwise wins for Synthetic Categorical (BoN) across six budgets (7" in order: 3000, 5000, 10000, 20000, 30000,

40000).
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Figure 6: Pairwise wins for Summarization (BoN) across six budgets (7" in order: 3000, 5000, 10000, 20000, 30000, 40000).



